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Abstract

Innovation measurement as a driver of welfare is often based on patents. Patents are suitable for capturing
technical innovations, but service innovations or innovations in low-technology areas are hardly covered.
Trademarks are considered a complement for measuring innovation. Designs might also gain further
importance as a linking element between intellectual property rights (IPRs). However, challenges are
the combination of these IPRs, the need for more detail in the trademark classification system and the
innovation linkage of trademarks to enable sophisticated analyses. Textual data of trademarks might solve
these challenges and simultaneously combine trademarks with patents and designs to improve innovation
measurement. Thus, this thesis considers textual data of trademarks and examines innovation and the
use of intellectual property rights, focusing on combining trademarks with patents and designs. The
thesis first addresses the use of textual data in innovation research to establish a general understanding
before the use of textual data of trademarks for innovation measurement is dealt with intensively in the
following chapters: A literature review first shows the possibilities of textual data analysis, such as the
analysis of large data amounts, the combination of different data sources, the achievement of data-driven
insights, the discovery of hidden information, and the mapping of technology developments. Patents
and publications are still the most common data source used for textual data. Clustering approaches
are commonly applied, while only some studies apply classifications. The overview contributes to a
better understanding of textual data analysis in general. Trademarks are then combined textually with
patents and compared with findings from the literature regarding the coverage of innovations in patents
and trademarks to assess if a combination is possible and if the combination adds additional insights
into innovation. The analysis is performed on Robotics, representing a high-technology sector, and
Footwear, a low-technology sector. A combination is possible, depending, however, on the subject
covered. Trademarks display different text structures depending on the topic covered, leading to different
results. The textual data shows more detail in the high-technology subjects than in the low-technology
subjects. In terms of insights added, the two data sources cover innovations in general, as well as service,
product and technical innovations. Trademarks are still more in services and products, and patents
are more in technical innovation. Overall, the textual combination of patents and trademarks provides
broader coverage and more detail on innovation, depending on the area under consideration. Finally,
trademarks, patents and designs are textually combined to measure the technological transformation and
firm involvement in the Musical Instrument sector, which is transforming from classical to electronic to
digital musical instruments. The application of IPRs is further examined. The analysis reveals that data
and digitalisation are becoming more relevant, which are covered in patents. Firms from high-technology
sectors with a background in software and hardware are involved in the sector’s transformation. These
firms predominantly use patents to protect their technologies. In addition, gaming firms cover aspects such
as signal processing and video games and protect these with trademarks. Designs present themselves as a
linking element between the trademark and patent topics. Overall, it is revealed that firms with different
backgrounds contribute to the transformation, that the IPR usage depends on the firm background and
that the textual data of different IPRs cover different aspects of the transformation. The methodology
allows the differentiation between firms and their areas of involvement, providing additional information
for future research. The combination thus for capturing transformation in the sector and firm involvement
to address economic questions. To conclude, the thesis contributes to a better understanding of textual
data in general and of trademarks in combination with patents and designs in innovation research. The
integration of textual data of trademarks in the measurement of innovation broadens the coverage of
innovation. Further research is necessary to improve the selection of trademarks, the focus on innovative
trademarks and the integration of the insights in economic modelling.






Deutsche Zusammenfassung

Die Messung von Innovationen als Wohlfahrttreiber basiert hdufig auf Patenten. Diese sind geeignet,
technische Innovationen zu erfassen. Dienstleistungsinnovationen oder technologiearme Innovationen
werden jedoch kaum erfasst. Marken werden als Ergidinzung zur Innovationsmessung angesehen und auch
Designs konnten als Bindeglied zwischen Schutzrechten weiter an Bedeutung gewinnen. Herausforderun-
gen sind jedoch die Kombination dieser Rechte, die Detaillierung des Markenklassifizierungssystems und
die Innovationsverkniipfung von Marken, um anspruchsvolle Analysen zu ermoglichen. Textdaten von
Marken konnten diese Herausforderungen 16sen. Diese Arbeit befasst sich daher mit diesen, untersucht
Innovation und die Nutzung von geistigen Eigentumsrechten, wobei der Schwerpunkt auf der Kombination
von Marken mit Patenten und Designs liegt. Ein Literaturiiberblick zeigt zunédchst die Moglichkeiten der
textuellen Datenanalyse auf, wie z.B. die Analyse groler Datenmengen, die Kombination verschiedener
Datenquellen, die Erzielung datengetriebener Ergebnisse, die Entdeckung verborgener Informationen
und die Abbildung von Technologieentwicklungen. Patente und Publikationen sind nach wie vor die
am héufigsten genutzte Textdatenquelle. Clustering-Ansitze werden haufiger als Klassifizierungen ver-
wenden. Der Uberblick triigt zu einem besseren Verstindnis der Analyse textueller Daten bei. Marken
werden dann textuell mit Patenten kombiniert und mit Erkenntnissen {iber die Erfassung von Innovationen
in Patenten und Marken verglichen, um zu beurteilen, ob eine Kombination moglich ist und ob diese
zusitzliche Erkenntnisse iiber Innovationen liefert. Die Analyse wird fiir den Hochtechnologiesektor
Robotik und den Niedrigtechnologiesektor Schuhe durchgefiihrt. Es wird festgestellt, dass eine Kom-
bination moglich, jedoch vom behandelten Thema abhiéngig ist. Die Marken weisen je nach Thema
unterschiedliche Textstrukturen auf, was zu unterschiedlichen Ergebnissen fiihrt. Die Textdaten sind in
den Hochtechnologiethemen detaillierter als in den Niedrigtechnologiethemen. Die beiden Datenquellen
decken Innovationen im Allgemeinen sowie Dienstleistungs-, Produkt- und technische Innovationen ab.
Marken sind nach wie vor eher bei Dienstleistungen und Produkten zu finden, Patente eher bei technischen
Innovationen. Insgesamt bietet die textliche Kombination von Patenten und Marken eine breitere Ab-
deckung und je nach betrachtetem Bereich mehr Details {iber Innovationen. Schlielich werden Marken,
Patente und Designs textlich kombiniert, um den technologischen Wandel von klassischen zu elektro-
nischen Musikinstrumenten und die Beteiligung von Firmen im Musikinstrumentensektor zu messen.
Die Anwendung von Rechten des geistigen Eigentums wird weiter untersucht. Die Analyse zeigt, dass
Daten und Digitalisierung an Bedeutung gewinnen und iiber Patente erfasst sind. Firmen aus Hochtech-
nologiesektoren mit einem Hintergrund in Software und Hardware sind an der Transformation des
Sektors beteiligt, welche iiberwiegend Patente zum Schutz ihrer Technologien nutzen. Gaming-Firmen
decken Aspekte wie Signalverarbeitung und Videospiele ab und schiitzen diese mit Marken. Designs
stellen sich als verbindendes Element zwischen den Marken- und Patentthemen dar. Es zeigt sich, dass
verschiedene Firmen zur Transformation beitragen, dass die Nutzung von Schutzrechten vom Firmen-
hintergrund abhiingt und dass die textlichen Daten verschiedener Schutzrechte unterschiedliche Aspekte
der Transformation abdecken. Die Methodik ermoglicht eine Differenzierung zwischen den Firmen und
deren Tatigkeitsbereichen, und liefert so zusétzliche Informationen. Die Kombination ermdglicht es also,
den Wandel im Sektor und die Beteiligung der Unternehmen zu erfassen, um wirtschaftliche Fragen zu
beantworten. Diese Arbeit trigt folglich zu einem besseren Verstindnis von Textdaten im Allgemeinen
und von Marken in Kombination mit Patenten und Designs in der Innovationsforschung bei. Die Ein-
beziehung von Textdaten von Marken in die Innovationsmessung erweitert den Erfassungsbereich von
Innovation. Weitere Forschung ist notwendig, um die Auswahl der Marken, den Fokus auf innovative
Marken und die Integration der Erkenntnisse in die 6konomische Modellierung zu verbessern.
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Résumé Francais

La mesure de I’innovation en tant que moteur de la prospérité se base souvent sur les brevets, qui sont
appropriés pour saisir les innovations techniques. Les marques sont considérées comme un complément
permettant d’appréhender les innovations de services ou les innovations a faible contenu technologique,
et les designs pourraient également gagner en importance en tant que lien entre les droits de propriété
intellectuelle. Cependant, les défis sont la combinaison de ces droits, le détail du systeme de classification
des marques et le lien d’innovation entre les marques. Les données textuelles des marques pourraient
résoudre ces défis. Ce travail se penche donc sur ces derniers, examine 1’innovation et 1’utilisation des
droits de propriété intellectuelle, en se concentrant sur la combinaison des marques avec les brevets et
les designs. Une revue de la littérature montre tout d’abord les possibilités offertes par 1’analyse des
données textuelles, telles que ’analyse de grandes quantités de données, la combinaison de différentes
sources de données, I’obtention de résultats axés sur les données, la découverte d’informations cachées et
la cartographie des évolutions technologiques. Les brevets et les publications restent la source de données
textuelles la plus utilisée. Les approches de clustering sont plus souvent utilisées que les classifications.
Cetapercu contribue & une meilleure compréhension de I’ analyse des données textuelles. Les marques sont
ensuite combinées textuellement avec les brevets et comparées avec les connaissances sur la couverture
des innovations dans les brevets et les marques afin d’évaluer si une combinaison est possible et si elle
fournit des connaissances supplémentaires sur les innovations. L’analyse est effectuée pour le secteur de
haute technologie de la robotique et le secteur de basse technologie des chaussures. On constate qu’'une
combinaison est possible, mais qu’elle dépend du théme traité. Les marques présentent des structures
textuelles différentes selon le théeme, ce qui donne des résultats différents. Les données textuelles sont
plus détaillées dans les themes de haute technologie que dans les themes de basse technologie. Les deux
sources de données couvrent les innovations en général ainsi que les innovations en matiere de services,
de produits et de technologie. Les marques continuent a étre plus présentes dans les services et les
produits, tandis que les brevets sont plus présents dans les innovations techniques. Dans I’ensemble, la
combinaison textuelle des brevets et des marques offre une couverture plus large et, selon le domaine
considéré, davantage de détails sur les innovations. Enfin, les marques, les brevets et les dessins et
modeles sont combinés textuellement pour mesurer I’ évolution technologique des instruments de musique
classiques vers les instruments de musique électroniques et la participation des entreprises dans le secteur
des instruments de musique. L’application des droits de propriété intellectuelle fait I’objet d’une analyse
plus approfondie. L’analyse montre que les données et la numérisation gagnent en importance et sont
couvertes par des brevets. Les entreprises des secteurs de haute technologie avec un arriere-plan de
logiciels et de matériel sont impliquées dans la transformation du secteur, qui utilisent principalement
des brevets pour protéger leurs technologies. Les entreprises de jeux couvrent des aspects tels que le
traitement des signaux et les jeux vidéo et les protegent par des marques. Les designs se présentent
comme un élément de liaison entre les themes des marques et des brevets. Il s’avere que différentes
entreprises contribuent a la transformation, que 1’utilisation des droits de propriété intellectuelle dépend
du contexte de I’entreprise et que les données textuelles de différents droits de propriété intellectuelle
couvrent différents aspects de la transformation. La méthodologie permet de différencier les entreprises
et leurs domaines d’activité, et fournit ainsi des informations supplémentaires. Cette combinaison permet
donc d’appréhender la transformation du secteur et I’'implication des entreprises afin de répondre a des
questions économiques. Ce travail contribue a une meilleure compréhension des données textuelles
et des marques en combinaison avec les brevets et les designs dans la recherche sur I’innovation. Les
données textuelles des marques élargissent la portée de I’innovation. Des recherches supplémentaires sont
nécessaires pour améliorer la sélection des marques, 1’accent sur les marques innovantes et 1’intégration
dans la modélisation économique.

iX






Contents

List of Figures
List of Tables
List of Queries
1 Introduction

2 Foundations

2.1 Innovation and Technology . . . . . . . . . . . . .. .
2.2 Intellectual Property Rights Protection . . . . . . . .. ... ... ... ... ......
22,1 Patents . . ... . e e e
222 Trademarks . . . . . . ..
223 Designs . ... e
2.24 Combination of Protection Mechanisms . . . . . . .. ... ... ... .....
2.3 Measurement of Innovation . . . . . . ... ..o
2.3.1 R&D-Expenditure or Patent-based Innovation Indicators . . . . . ... ... ..
2.3.2 Trademark-based Innovation Indicators . . . . . ... ... ... ... .....
2.3.3 Combination of Intellectual Property Rights . . . . . . . ... ... .......
24 Textual Data Analysis . . . . . . . . . L e
2.4.1 Latent Dirichlet Allocation . . . . . . . . . ... ... ... ... . .......
2.4.2  Structural Topic Modelling . . . . . . .. ... ... ... ... ...

2.4.3  Data Preparation
2.5 Conclusion . ... ..

3 Textual Data in Innovation Research

3.1 Motivation . . . . . L L e e e e e e
3.2 Methodology . . . . . . . . .. e e
3.2.1 DataSelection . . . . . . ...
322 DataDescription . . . . . . . . . . e e
3.3 Literature Review . . . . . . . . . L
3.3.1 Reasoning for Textual Data Analysis . . . . . .. ... ... ... ... .....
332 DataSources Used . . . . . . ... ... e
3.3.3 Methodological Approaches . . . . . . ... ... ... .. .
3.3.4 Analysed Research Questions . . . . . . .. ... ... ... ... .......
3.4 Discussionand Conclusion . . . . . . .. ... Lo

4 Innovative Activities Capture
4.1 Motivation. . . . . ..

4.2 Trademarking Literature
4.3 Methodology and Data
4.3.1 Methodology .

d through Semantic Analysis of Patents and Trademarks

4.3.2 Innovation Areas . . . . . . . . .. e e e e e e e e

4.3.3 Data Extraction
4.3.4 Model Selection

Xvii

Xix

xXi

11
11
12
13
14
21
22
26
26
27
28
28
30
31
32
34

35
36
37
37
37
39
39
40
42
45
49

51
52
54
56
56
60
62
65

X1



Contents

4.4 Results of the Robotic Analysis . . . . . . . . . ... . L
44.1 Exemplified Analysisof Topic98 . . . . . ... . ... .. ... ...
4.4.2 Robotic Analysis . . . . . . ..
4.5 Results of the Footwear Analysis . . . . . . . ... .. ... ... ... ... ...,
4.6 DISCUSSION . . . . . . L e e
4.7 Conclusion and Further Research . . . . . . . . ... .. ... .. ... ...

5 Revealing Technological Transformation and Firm Involvement
5.1 Technological Transformation of Musical Instruments . . . . . . . ... ... ... ...
5.2 Technological Transformation of Sectors . . . . . . . ... ... ... ... .. .....
5.3 Methodology and Data . . . . . . .. . .. . ... ...
5.3.1 Methodological Approach . . . . . ... ... ... .. ... ... ... ....
5.3.2 DataExtraction . . . . . . . . ...
5.3.3 Model Selection . . . . .. ...
5.4 Part I: Transformation of the Musical Instrument Sector . . . . . . . .. ... ... ...
5.4.1 Intellectual Property Rights . . . . . . ... ... ... ... ... .......
5.4.2 Hornborstel-Sachs Classification . . . . . . . ... ... ... ..........
5.4.3 Electronic and Classical Musical Instruments . . . . . . ... ... .......
5.4.4 Transformation withinthe Sector . . . . . . . .. .. ... .. ... .......
5.5 Part II: Major Firms in the Musical Instrument Sector . . . . . . . . . .. ... ... ..
5.5.1 FrmOverview . . . . . . . .. e e e
5.5.2 Firm Involvement and Firms-Topics-Networks . . . . . .. . ... ... .. ...
5.6 Discussion of the Transformation in Musical Instruments . . . . . . .. ... ... ...
5.7 Conclusion and Further Research . . . . . . . ... ... ... ... .. .. .......
6 Discussion and Final Remarks
6.1 Summary and Contribution . . . . . . .. ... oL
6.2 DiscusSion . . . . . . ... e e e e
6.3 Closing Remarks and Future Research . . . . . . .. .. ... ... . ... . ....
References
A Appendix to Chapter 2: Foundations
Al Patents . . . . . L e e e e
A2 Trademarks . . . . . . . . . e e
A3 Designs . ... e
B Appendix to Chapter 3: Textual Data in Innovation Research
B.1 DataSelection . . . . . . . . . . e e
B.2 Literature Review . . . . . . . . . . ..
C Appendix to Chapter 4: Innovative Activities Captured through Semantic Analysis of

Xii

Patents and Trademarks

C.1 Robotics . . . . . . . e e
C.1.1 DataSelection . . . .. .. .. . . . . . . e
C.1.2 Topic ModellingResults . . . . . ... ... ... ... ... ... .......

C.2 Footwear . . . . . . . . . . i i e e
C.2.1 DataSelection . . . ... .. . . . . . . e
C.2.2 Model Selectionin Footwear . . . . . . ... ... . ... ... .........
C.2.3 Topic Modelling Results . . . . ... ... ... .. ... .

147
147
152
154

155

169
169
169
169

171
171
174



Contents

D Appendix to Chapter 5: Revealing Technological Transformation and Firm Involvement

D.1

D.2

D3

Data Selection . . . . . . . . . . . e e e
D.1.1 Patents . . . . . . . . . . e
D.1.2 Designs . . . . . o v vt e e e e
D.1.3 Trademarks . . . . . . . . . . . . ..
Sectoral Perspective . . . . . . . . . L
D.2.1 Intellectual Property Rights . . . . . ... ... ... ... ... . ......
D.2.2 Hornborstel-Sachs Classification . . . . . . . ... ... ... ..........
D.2.3 Electronic and Classical Musical Instruments . . . . . . ... ... .......
Firm Perspective . . . . . . . . . e

E English Summary

E.l
E.2
E.3
E.4
E.5
E.6

Introduction . . . . . . . . .. e e
Research Questions . . . . . . . . . . . . . .. .
Summary and Contribution . . . . . . . . . . . ...
General Remarks onthe Thesis . . . . . . . . ... ... ... .. ... .. .......
Discussion . . . . . . . ... e e e
Closing Remarks and Future Research . . . . . . . ... ... ... ... .......

F Résumé Francais

F.1
F.2
F3
F.4
F.5
F.6

Introduction . . . . . . . .. e
Questionsde Recherche . . . . . . . . . . . ... ...
Résumé et Contribution . . . . . . . . . . . . ...
Remarques GénéralessurlaThese . . . . . . . . .. ... ... ... .. ........
Discussion . . . . . . ... e e e
Marques de Conclusion et Recherches Futures . . . . . .. ... ... ... .......

225
225
225
229
233
239
240
244
246
256

273
273
278
281
290
290
293

295

xiii






List of Figures

1.1
1.2
1.3

2.1
2.2
23
24
2.5
2.6
2.7
2.8
29

3.1
3.2

4.1
4.2
4.3
4.4
4.5
4.6
4.7
4.8
4.9
4.10
4.11
4.12
4.13
4.14

5.1
52
53
54
5.5
5.6
5.7
5.8
5.9
5.10

5.11
5.12

Total Yearly Development of USPTO Patents and Trademarks . . . . . ... ... ... 2
Structure of the Thesis . . . . . . . . . . .. L 8
Integrated Perspective on the Research Chapters . . . . . . ... ... ... ....... 9
Total Yearly Development of USPTO Patents . . . . . ... ... ... ......... 14
Example of U.S. (Utility) Patent No. 4,788,896 . . . . .. .. .. ... ... ... ... 15
Example of U.S. Trademark Registration No. 1,719,447 (Serial No. 74,024,399) . ... 16
Nice Classes of Registered Trademarks . . . . . . . ... ... ... ... .. ...... 21
Total Yearly Development of Registered Trademark in Goods and Services . . . . . . . . 22
Example of U.S. (Design) Patent No. Des. 347,853 . . . . . . ... ... ... ..... 23
Total Yearly Development of Granted Designs . . . . . .. .. ... ... ... ..... 24
U.S. Design Classes of Granted Designs . . . . . . ... .. ... ... ... ...... 24
Example Representation of Topics in Documents . . . . . .. .. .. ... ... .... 30
Publishing Journals inthe Sample . . . . . . .. .. ... oL L. 39
Most Frequent Author Keywords in the Sample . . . . . ... ... ... ... ..... 46
Approach Overview in Robotics and Footwear . . . . . . . ... ... ... ....... 59
[llustrative Analyses in Robotics and Footwear . . . . . . . ... ... ... .. ..... 61
Metrics to Evaluate the Number of Topics K in Robotics . . . . . . ... ... ..... 66
Exclusivity and Semantic Coherence of Robotics Models in Comparison . . . . . . . . . 67
Robotics Patent and Trademark Registrations per Year . . . . . . . . .. ... ... ... 68
Robotic Patent Classification . . . . . . . . . .. . ... 69
Robotic Trademark Classification . . . . . . . .. ... ... ... ... .. ....... 70
Expected Topic Proportion per IPR in Topic98 . . . . .. . ... ... ... ... ... 72
Ten Main Classes of Topic 98 in Patents and Trademarks . . . . . ... ... ... ... 73
Main Patent and Trademark Documents in Topic 98 of Robotic Model 115 . . . . . . .. 75
Overview of the Model with 115 Topics in Robotics . . . . . . . ... ... ... .... 77
Footwear Patent and Trademark Registrations per Year . . . . . . ... ... ... ... 82
Overview of the 89 Topics in Footwear . . . . . . . . ... .. ... ... ........ 83
Main Patent and Trademark Documents in Topic 70 of Footwear Model 89 . . . . . . . . 85
Musical Instrument IPR Registrations per Year and per IPR Type . . . . . . .. ... .. 93
Approach Overview in Musical Instruments . . . . . ... ... ... ... ....... 99
Part I: Illustrative Sector Analysis Overview . . . . . . . . . ... ... ... ..... 100
Part II: Illustrative Firm Analysis Overview . . . . . . .. .. .. .. ... ... ... 102
Metrics to Evaluate the Number of Topics K in Musical Instruments . . . . . . . . . .. 108
Exclusivity and Semantic Coherence of Musical Instrument Models in Comparison . . . 109
Overview of the Ten Main Topics per IPR Type in Musical Instruments . . . . . . . . .. 112
Main Documents in Musical Instruments Topic60 . . . . . . . ... ... ... ..... 120
Network of Musical Instrument Topics in Patent, Trademark and Design Documents . . . 121
Musical Instrument IPR Registrations per Year, per IPR Type and according to the

Hornborstel-Sachs Classification . . . . . . . ... ... ... . 122
Network of Musical Instrument Topics according to the Hornborstel-Sachs Classification 123
Musical Instrument Document Registration per Year and Musical Instrument Type . . . . 124

XV



List of Figures

XVvi

5.13 Overview of the Ten Main Topics in Electronic and Classical Musical Instruments . . . . 125

5.14 Musical Instrument Topic Network: Electronic and Classical Instruments . . . . . . . . 126

5.15 Topic Network Cluster Identification in Electronic and Classical Musical Instruments,
1986-2015 . . . . o 127

5.16 Musical Instrument Topic Network: Electronic and Classical Instruments, 1986-1990. . . 128
5.17 Musical Instrument Topic Network: Electronic and Classical Instruments, 2001-2005 . . 129
5.18 Topic Network Cluster Identification in Electronic and Classical Musical Instruments,

2001-2005 .« . . e e e e e e 130
5.19 Musical Instrument Topic Network: Electronic and Classical Instruments, 2011-2015 . . 131
5.20 Major Topics-Firms-Network, 1986-2015 . . . . . . ... ... ... ... ... ... 135
5.21 Major Topics-Firms-Network, 1986-1990 . . . . . . ... .. .. ... ... .. . ... 137
5.22 Major Topics-Firms-Network, 2006-2010 . . . . . . . . . . ... .. ... ... 139
5.23 Major Topics-Firms-Network, 2011-2015 . . . . . . ... ... ... ... ... 140
5.24 Major Topics-Firms-Network, 1986-2015, Hornborstel-Sachs Classification . . . . . . . 142
6.1 Summary of the Integrated Perspective on the Research Chapters . . . . . . .. .. ... 148
A.1 Total Yearly Development of Trademark Filings between 1978 and 2016 . . . . . . . .. 170
B.1 Highest Document Frequency Words in the Sample . . . . . . .. ... ... ... ... 179
B.2 Most Expressive Words for Each Abstract in the Sample . . . . . . .. . ... ... ... 180
C.1 Exclusivity-Semantic Coherence Trade-off of the Topics of Robotics Model 115 . . . . . 187
C.2 Significance of Robotic Topics in Patents or Trademarks . . . . . ... ... ... ... 188
C.3 Overview of Robotic Topic 72 . . . . . . . . . . . 190
C.4 Overview of Robotic Topic 37 . . . . . . .. . . .. o 192
C.5 Opverview of Robotic Topic 69 . . . . . . . . . . . . . ... .. 194
C.6 Overview of Robotic Topic90 . . . . . . . . . . . . ... ... . .. 196
C.7 Overview of Robotic Topic 109 . . . . . . . . . .. ... . 198
C.8 Overview of Robotic Topic 27 . . . . . . . . . . . 200
C.9 Overview of Robotic Topic 103 . . . . . . . . . . . . . . ... .. . . 202
C.10 Five Major Firms in Topics 27and 103 . . . . . . . . . .. ... ... ... ... 203
C.11 Metrics to Evaluate the Topic Number K in Footwear . . . . . .. ... ... ... ... 207
C.12 Exclusivity and Semantic Coherence of Footwear Models in Comparison . . . . . . . . 208
C.13 Footwear Trademarks and Patents in Existing Classification Schemes . . . . . . . . . .. 210
C.14 Major 25 Firms in Footwear Patenting or Trademarking . . . . . . . .. ... ... ... 211
C.15 Significance of Footwear Topics in Patents or Trademarks . . . . . . . ... .. ... .. 212
C.16 Overview of Footwear Topic 23 . . . . . . . . . . . . . . . . . it 213
C.17 Overview of Footwear Topic 25 . . . . . . . . . . . . . . ittt 214
C.18 Overview of Footwear Topic 14 . . . . . . . . . ... .. ... ... ... 215
C.19 Overview of Footwear Topic 12 . . . . . . . . ... ... ... ... ... ... 216
C.20 Overview of Footwear Topic41 . . . . . . . . . . . . . . . .. . .. 217
C.21 Overview of Footwear Topic 21 . . . . . . . . . . . . .. ... .. ... 218
C.22 Overview of Footwear Topic29 . . . . . . . . ... ... .. .. .. .. ... 219
C.23 Overview of Footwear Topic 53 . . . . . . . . . . . . . . . . . i 220
C.24 Overview of Footwear Topic 81 . . . . . . . . . . . . ... ... ... . ... ..... 221
C.25 Overview of Footwear Topic26 . . . . . . . . . .. ... .. .. 222

C.26 Statistical t-Test of Unique Words per Document Type in Footwear, Over Five-Year Intervals223

D.1 Overview of the Model with 87 Topics in Musical Instruments . . . . . . ... ... .. 239
D.2 Musical Instrument Patents, Designs and Trademarks in existing Classification Schemes 240
D.3 Overview of the Model with 87 Topics in Musical Instruments, Differentiated by Docu-

ment TYpes. . . . . . . . e e 241



List of Figures

D.4 Main Documents in Musical Instruments Topic 19 . . . . . .. .. ... ... ... ... 242
D.5 Main Documents in Musical Instruments Topic 76 . . . . . . . . . .. ... ... .... 243
D.6 Musical Instrument IPR Registration per Year and Hornborstel-Sachs Classes . . . . . . 244
D.7 Overview of the Model with 87 Topics in Musical Instruments according to the Hornborstel-
Sachs Classification . . . . . . . . . .. . .. L 245
D.8 Classical and Electronic Musical Instruments in existing Classification Schemes . . . . . 246
D.9 Overview of the Model with 87 Topics in Musical Instruments, Differentiated for Elec-
tronic and Classical Instruments . . . . . . . . ... ... ... o000 247
D.10 Classical Musical Instruments Topic Network . . . . .. . .. ... ... ... ... .. 248
D.11 Network of Electronic Musical Instruments . . . . . . . ... ... ... ... ..... 249

D.12 MMusical Instrument Topic Network: Electronic and Classical Instruments, 1991-1995 . 250
D.13 Musical Instrument Topic Network: Electronic and Classical Instruments, 1996-2000 . . 251
D.14 Musical Instrument Topic Network: Electronic and Classical Instruments, 2006-2010 . . 252
D.15 Topic Network Cluster Identification in Electronic and Classical Musical Instruments,

1986-1990 . . . . . . L 253
D.16 Topic Network Cluster Identification in Electronic and Classical Musical Instruments,

1996-2000 . . . . . Lo 254
D.17 Topic Network Cluster Identification in Electronic and Classical Musical Instruments,

2011-2015 . . o o e 255
D.18 Box Plot on IPRs per Major Firms . . . . . . . .. . ... ... o L oL 256
D.19 Major Firms in Musical Instruments related to IPR Types. . . . . . . . ... .. ... .. 257
D.20 Major Firms in Musical Instruments related to Electronic and Classical Musical Instruments258
D.21 Major Firms in Musical Instruments related to the Hornborstel-Sachs Classification . . . 259
D.22 100 Major Firms in a Topics-Firms-Network, 1986-2015 . . . . . . ... ... ... .. 264
D.23 300 Major Firms in a Topics-Firms-Network, 1986-2015 . . . . . . ... ... ... .. 265
D.24 Major Topics-Firms-Network, 1991-1995 . . . . . . . . ... .. ... ... .. 266
D.25 Major Topics-Firms-Network, 1996-2000 . . . . . . . . ... ... ... ... .. ... 267
D.26 Major Topics-Firms-Network, 2001-2005 . . . . . . . . ... .. .. ... 268
E.1 Total Yearly Development of Granted USPTO Patents and Registered USPTO Trademarks 274
E.2 Structure of the Thesis . . . . . . . . . . . 280
E.3 Integrated Perspective on the Research Chapters . . . . . . . ... ... ... ...... 281
E.4 Overview of the Model with 115 Topics in Robotics . . . . . . . .. ... ... .. ... 284
E.5 Musical Instrument IPR Registration per Year and Musical Instrument Type . . . . . . . 286
E.6 Musical Instrument Topic Network: Electronic and Classical Instruments . . . . . . . . 288
E.7 Major Topics-Firms-Network, 1986-2015 . . . . . . .. ... .. ... . ... .. 289
E.8 Summary of the Integrated Perspective on the Research Chapters . . . . . . . ... ... 291

F.1 Développement annuel total des brevets USPTO délivrés et des marques déposées a

PUSPTO . . 297
F2 Structuredelathése . . . . . . . . . . ... 303
F.3 Perspective intégrée sur les chapitres de recherche . . . . . . . ... ... ... ... .. 304
F4 Apercu du modele avec 115 sujets en robotique . . . . . . . . . ... ... ... .. .. 307
F.5 Enregistrement des documents relatifs aux instruments de musique par année et type

d’instrument de musique . . . . ... L. L. e 310
F.6 Réseau de themes d’instruments de musique différenciés pour les instruments de musique

électroniques et classiques . . . . . . ..ol o 312
FE.7 Major Topics-Firms-Network from 1986 until 2015 . . . . . . ... ... ... ... .. 313
F.8 Résumé de la perspective intégrée sur les chapitres de recherche . . . . . . .. ... .. 315

XVvil






List of Tables

2.1
2.2

3.1
3.2
33

4.1
4.2

5.1
5.2
53
54
5.5
5.6
5.7

B.1
B.2
B.3
B.4
B.5
B.6
B.7
B.8

C.1
C2
C3

D.1
D.2
D3
D4
D.5
D.6
D.7

Overview of the Nice Classification . . . . . . .. .. .. ... ... ... ....... 20
Overview of Design Classifications . . . . . . . . . . .. ... ... ... ........ 25
Overview of the Sample . . . . . . . . . . . . . .. .. ... 38
Overview of Reasons for Textual Data Analysis Application in the Sample . . . . . . . . 41
Overview of Data Sources inthe Sample . . . . . . . ... ... ... ... ....... 43
Economic Activities in the Innovation Areas of Robotics and Footwear . . . . . . . . .. 63
Overview of the Data Sets of Robotics and Footwear . . . . .. ... ... ....... 64
Economic Activities and R&D-Intensity in Musical Instruments . . . . . . .. .. ... 96
Musical Instruments Terms in the Hornborstel-Sachs Classification . . . . . . . .. . .. 105
Overview of the Data Set of Musical Instruments for Structural Topic Modelling . . . . . 106
Overview of the Data Set according to the Hornborstel-Sachs Classification . . . . . 113
Overview of the Data Set, Differentiated for Electronic or Classical Musical Instruments 114
Major Firms in Electronic and Classical Musical Instrument IPRs, 1986-2015 . . . . . . 133
IPR Overview of Major Firms, 1986-2015 . . . . . . . . . . . ... ... ... ..... 133
Selected Sample Keywords . . . . . . . . . ... 172
Not-Selected Sample Keywords . . . . . . . ... ... oL o 173
Overview of Reasons for Textual Analysis Application Stated in the Sample . . . . . . . 175
Textual Data Use of the Articles inthe Sample . . . . . . ... ... ... ... ..... 176
Textual Data Use of the Articles in the Sample (continued) . . . . . ... ... .. ... 177
Methodologies Used for the Analysis of Textual Data in the Sample . . . . .. ... .. 178
Detailed Literature Overview of the Main Content of the Articles in the Sample . . . . . 181

Detailed Literature Overview of the Main Content of the Articles in the Sample (continued) 182

CPC Subgroup IDs used of the Selection of Robotic Patents . . . . . ... ... ..... 184
CPC Subgroup IDs used of the Selection of Robotic Patents (continued) . . . . . . . .. 185
CPC Subgroup IDs used of the Selection of Footwear Patents . . . . . .. ... .. ... 205
Description of the Major Firms from AtoF . . . . .. .. .. ... ... ... .... 260
Description of the Major Firms from Gtol . . ... ... ... ... ... . ...... 261
Description of the Major Firms from KtoP . . . . .. .. .. ... ... ... ... 262
Description of the Major Firms from QtoS . . . . ... ... ... ... .. ..... 263
Description of the Major Firms fromTtoY . . . . .. .. ... ... ... .. .... 269
Documents per Major Firms per Five-Year Intervals for the Ranks 1to54 . . .. .. .. 270
Documents per Major Firms per Five-Year Intervals for the Ranks 55t0 62 . . . . . . .. 271

XiX






List of Queries

A.1 Granted Patents per Year . . . . . . . . ... Lo 169
A.2 Registered Trademark Filings in Nice Classes per Year . . . . .. ... ... ...... 169
A3 Trademark Filings per Year . . . . . . . . . . ... 169
A4 Granted Designs per Year . . . . . . . . . ... e e 169
A.5 Granted Designs at the USPTO between 1978 and 2016 per U.S. Design Class . . . . . . 169
B.1 Scopus Search (by January 01,2022) . . . . . . .. . ... o 171
B.2  Web of Science Search Resulting in 250 Documents (by June 21, 2021) . . .. ... .. 171
B.3 SCOPUS Search Resulting in 789 Documents (by June 21,2021) . . . . . . .. ... .. 171
C.1 AllPatentsof Robotics . . . . . . . . . . .. . . e 183
C.2 Only Utility Patents of Robotics . . . . . . . . ... .. ... ... ... 183
C.3 All Trademarks of Robotics . . . . . . . . . . . . .. 186
C.4 Only Registered Trademarks of Robotics . . . . . ... ... ... ... . ........ 186
C.5 Distinct Registered Trademarks of Robotics . . . . . . ... ... ... ... ...... 186
C.6 AllPatents of Footwear . . . . . . . . . . . . . . . 204
C.7 Only Utility Patents of Footwear . . . . . . . ... ... ... ... ... ... ..... 204
C.8 All Trademarks of Footwear . . . . . .. . .. . ... ... .. .. .. ... ..., 206
C.9 Only Registered Trademarks of Footwear . . . . . .. ... ... ... ... ...... 206
C.10 Distinct Registered Trademarks of Footwear . . . . . . .. ... ... ... .. ..... 206
D.1 Patents accoring to the Hornborstel-Sachs Classification . . . . .. ... ... ... .. 225
D.2 Patents of Musical Instruments per CPC Classes . . . . . . . . ... ... ... ..... 225
D.3 Patents of Musical Instruments basedon Terms . . . . . . .. ... ... ... ..... 226
D.4 Patents of Wind Instruments . . . . . . . . .. ... Lo 226
D.5 Patents of String Instruments . . . . . . . . .. ... 227
D.6 Patents of Percussion Instruments . . . . . . . .. ... Lo 228
D.7 Patents of Electronic String Instruments . . . . . . . . . ... ... ... ... .. ... 229
D.8 Patents of Classical Percussion Instruments . . . . . . . . .. ... ... .. ...... 229
D.9 Designs of Musical Instruments . . . . . . . . .. ... 229
D.10 Designs of Wind Instruments . . . . . . . . . ... oL o 230
D.11 Designs of String Instruments . . . . . . . . . ... Lo 231
D.12 Designs of Percussion Instruments . . . . . . . .. . ... L L oo 231
D.13 All Designs of Musical Instruments . . . . . . .. ... ... . ... .. ... 233
D.14 Designs of Electronic Musical Instruments . . . . . . . .. ... ... ... ....... 233
D.15 Designs of Classical Musical Instruments . . . . . . . ... ... ... ... .. .... 233
D.16 Trademarks of Musical Instruments . . . . . . . .. . .. ... ... ... 233
D.17 Trademarks of Wind Instruments . . . . . . . . .. . .. ... 234
D.18 Only Registered Trademarks of Musical Instruments . . . . . .. ... ... ... ... 235
D.19 Trademarks of String Instruments . . . . . . . .. ... ... Lo 235
D.20 Trademarks of Percussion Instruments . . . . . . .. .. ... ... ... ... ... 236
D.21 Trademarks of Electronic Musical Instruments . . . . . . . .. ... ... ... ..... 237
D.22 Trademarks of Electronic Wind Instruments . . . . . . . ... ... ... ... ..... 237
D.23 Trademarks of Classical Percussion Instruments . . . . . . .. ... ... ... ..... 238

XX1






1 Introduction

Innovation is a fundamental driver of economic growth and social development. Firms are eager to inno-
vate and be innovative to stay competitive (Schumpeter 2010). Major innovations like the steam engine
or semiconductors are only some of the innovations that had major impacts on the development of society
(Kuznets 1973). Not only large but also small innovations shape our lives. Recent advances can be ob-
served in the provision of services where digitalisation is enabling music or video streaming, car-sharing,
online banking or e-commerce. Innovation impacts economic growth, technological progress, invest-
ments, productivity, and resource allocation. It can take various forms, be it technological innovations,
new goods or new services being introduced, an improvement in processes or organisational change. The
market introduction is an essential aspect of an innovation (OECD and Eurostat 2005). As innovation
is important for the welfare of a country and the competitiveness of firms, policymakers worldwide are
trying to make their regions innovative, hoping to spur economic growth and social development. The
policy should therefore be based on evidence. Innovation research intends to provide the evidence needed
to guide policymakers in good decision-making.

Most of the evidence on innovation and innovation policy has been based on patent data. Patents are a
means for firms to protect their inventions from imitation and gain a monopoly right on their invention
(Neuhéusler 2009). Patents are considered a formal protection mechanism and are part of intellectual
property rights (IPR) (WIPO 2020d). For patent protection, an inventive technological step is required,
and the patent needs to publicly describe the invention (WIPO 2021h). Patent protection is globally
available. Patents are systematically registered and cover long-time spans (Basberg 1987). The patent
system further provides a sophisticated classification system that simplifies patent searches and allows for
detailed research. This makes patents interesting for innovation policy, as they are data sources that reveal
information on the current technological state-of-the-art on a global scale (Kleinknecht et al. 2002). In
innovation research, patents tend to be used as an indicator for product innovation (Dziallas and Blind
2019).

Even though patents have their advantages as an indicator, they also have some shortcomings:

* Not every patent covers a commercialised invention. This means that the invention is not introduced
into the marketplace. Therefore, these patents only cover inventions, not innovations (Basberg
1987). It is thereby not distinguishable which patents are used in the marketplace. For innovation
policy, it is therefore of interest to cover the diffusion aspect to ensure a market introduction, as
this is necessary to bring progress and affect economic growth.

e Patent application differs across sectors and firms. As patents require an inventive step in a
technological area, sectors with lower technological content are underrepresented (Kleinknecht et
al. 2002; Neuhéusler and Frietsch 2015). This does, however, not mean that there is no innovation
in these sectors. It is just not captured in patent-based innovation indicators (Hirsch-Kreinsen
2008). Research showed that low-technology sectors contribute to economic growth (Mendonca
2009).

 Patents have difficulties covering services, tacit knowledge, or software inventions (Millot 2009;
Mendonga 2009; USPTO 2017; USPTO 2015). These, however, are increasingly important.
First, industrialised countries have major service sectors that depend on services being provided.
Second, digitalisation is impacting not only technological sectors but all sectors. Therefore, a shift
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Figure 1.1: Total Yearly Development of Granted USPTO Patents and Registered USPTO Trademarks
from 1978 to 2016.
The figure depicts the patents granted and trademarks registered by the USPTO from 1978 to 2016,
with years referenced to the application filing year.
Source: Own representation based on USPTO data.

in innovation activities should be observed. Relying only on patent data might convey a limited
perspective. Patent-based indicators could have overlooked the services mentioned above.

One possibility to include these perspectives and, in principle, overcome those shortcomings are trade-
marks. Trademarks can take various forms, mostly known are names representing a brand. For example, a
trademark like “Apple Music” is foremost a sign or brand used to protect the name but can simultaneously
stand for innovation in music provision. The name mostly requires registration for specific areas that
indicate the usage of the trademark to attain trademark protection. Thus, the trademark prevents confusion
and ensures distinctiveness between different goods or service providers (WIPO 2019b). Like patents,
trademarks are also registered, widely available, and cover long-time spans (Flikkema et al. 2015), but
are also applicable in all sectors and for product and services (S. J. H. Graham et al. 2013; Millot 2009).
They are also formal protection mechanisms and intellectual property rights (WIPO 2020d). Trademark
registrations increased in recent years and, for example, surpass patent registration in the United States
Patent and Trademark Office (USPTO) (see Figure 1.1). Unlike patents, trademarks often require a mar-
ket introduction, enabling a diffusion perspective. They are applicable in services and low-technology
sectors. Overall, trademarks are of interest to innovation research. Millot (2009), Mendonca et al. (2004),
and S. J. H. Graham and Hancock (2014) suggest already their use as an innovation indicator, pointing
out their ability to cover not only technical product innovation but also service, marketing or business
process innovation.

Nevertheless, trademarks also have shortcomings when it comes to innovation research:

e The link of trademarks to innovation is not ensured. In contrast to patents, an inventive step is
not a requirement during trademark registrations. That makes trademarks more complex as an
innovation indicator. Several authors, therefore, research the linkage of trademarks and innovation:
Seip et al. (2018) find that trademarks are registered at different stages of the innovation process,
depending on the innovation to be protected. Mendonga et al. (2004) argue that innovative firms are
more active in trademarking than in patenting based on results of the Third Community Innovation
Survey (CIS 3). Flikkema et al. (2014) could show in their survey that above 50% of the trademark
applications in their sample link to innovation, of which service innovation is captured mostly only



in trademarks and not in patents. So an innovation linkage is present. It is, however, not ensured
for trademarks. Nevertheless, in certain areas with limited patentability, trademarks are one of the
only formal protection mechanisms covering innovation activities in these areas.

* Another shortcoming of trademarks is their limited granularity. In patents, the patent classification
system is very sophisticated and elaborates on various innovation areas. The system classifies
each patent according to its technological content, allowing for detailed analyses of specific fields
and relations between these fields (WIPO 2020c). The trademark classification system, however,
provides fewer opportunities for innovation analysis, as the categories are broader and less specific.
For several million trademarks, only 45 NICE classes are commonly available (WIPO 2022a),
compared to over 75,000 categories in the patenting system (EPO 2022). This becomes a challenge
when using trademarks for specific innovation areas as this implies that the level of analysis remains
general, limiting the level of granularity that can be attained.

Thus, two challenges need to be addressed: First, trademarks do not always cover innovation, and
second, the granularity of trademark analysis based on current classifications remains limited. Bringing
trademarks and patents together could address the innovation challenges of trademarks and address
the shortcoming of patents. In contrast to trademarks, patents always cover inventions but not always
innovation. Together, these protection mechanisms could allow us to cover inventions and ensure their
market application. Further, the insights gained on technological innovations based on patents could
be enhanced with innovations in services or low-technology sectors based on trademarks. Malmberg
(2005) combine trademarks and patents in the pharmaceutical industry to capture innovation activities.
They find that both IPRs link to innovation activities in the field, with trademarks covering short-term
activities. The authors suggest using both IPRs for valuable insights but also point out that industry-
specific differences exist in the applicability of trademarks as an innovation indicator. Ribeiro et al. (2022)
assess the correlation of trademarks and patents for different sectors. The authors find that trademarks
are especially of interest in sectors with low patentability or where patents are not applied, services,
and less developed countries. Their results indicate that the combination of trademarks and patents
improves the understanding of technological and non-technological sectors. Even though joint analyses
of patents and trademarks might be useful, integrating trademarks with patents is not straightforward. A
possibility is the use of concordance tables to combine trademarks with patents. Zolas et al. (2017) link
trademarks on economic data based on keyword matching to derive insights on firms’ export behaviour.
The use of keywords enables already a more detailed perspective on trademarks and enables a class-level
perspective. However, the authors point out a need for additional approaches if further granularity is
intended. Other authors like Flikkema et al. (2015) integrate patents and trademarks via the same legal
entities that registered the different IPRs. However, this approach always limits itself to direct links
between patents and trademarks. Firms that are only active in trademarks or only active in patents but
contribute to an innovation field and its development and diffusion are overlooked. Further, this makes it
hard to combine the advantages of the different data sources, as much information is lost.

The challenge of limited granularity of trademark analysis still needs to be solved. Trademarks provide
more granular information, containing descriptions of the trademark application for goods and services.
These descriptions are textual data that can be exploited. The data can provide detailed information on the
application areas of trademarks and innovations that are protected with trademarks. Text analysis covers
techniques to identify patterns from unstructured, textual data to generate data-driven insights (Aggarwal
and Zhai 2012). Antons et al. (2020) argue for the application of text analysis to improve existing and
develop new measurements in innovation research.

Authors value or apply textual data analysis for various reasons:

» Text analysis enables the analysis of large data sets: This is handy when the data sets to be analysed
surpass the amount of data that humans can process in a feasible time. Ozcan et al. (2021) base
their analysis on 22,891 tweets from Twitter, Larsen and Thorsrud (2019) use 459,745 newspaper
articles, or Feng et al. (2020) apply their analysis on 41,994 patents. Applying text analysis to
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textual data enables the coverage of larger amounts. Several authors name this argument as one of
the main reasons to apply textual data analysis (Loshin 2013; Antons and Breidbach 2018; Bakhtin
et al. 2020; Kayser 2017; J. Kim and C. Lee 2017; N. Kim et al. 2015; Kohler et al. 2014; Shen
et al. 2020; B. Wang and Z. Wang 2018; Zhu and Porter 2002).

» Text analysis allows for the analysis of new data sources: As textual data are contained in various
sources, it is possible to include data sources into the analysis that could not be analysed with
standard approaches. For example, Dahlke et al. (2021) integrate fundamental human needs and
innovations to assess how crises shape innovation. The authors use web-scraped innovation project
descriptions for the innovation state and compare them to nine fundamental human needs described
in the literature. J. Kim and C. Lee (2017) extract futuristic data from websites like Siemens,
MIT technology review, or the World Future Society to extract scientifically relevant future topics
and compare them to the state-of-the-art revealed in patent data. They intend to identify weak
signals and extract novel topics by doing so. Mi et al. (2021) take advantage of survey data of older
people to determine the demand for gerontechnology and compare the insights gained to reports
of emerging technologies and patents to forecast future trends. A final example is Fiordelisi et al.
(2019) that use 10-K reports of firms to extract information on corporate creativity to measure the
impact on firm innovativeness and value. The authors find that creative culture fosters innovation.
These are only some examples of how new data sources reveal interesting insights to be included
in economic models. Although text analysis opens up more possibilities for data use and other
data sources are available, patents are still the most commonly used data source. However, the
amount of possible textual data available for innovation research is large and increases every year:
In 2020 alone, over 2.6 million new research articles were published on Web of Science (WoS
2021). Regarding intellectual property rights such as patents, trademarks and designs, 304,126
patents, 234,444 trademarks and 28,886 designs were registered in 2016 alone in the U.S., with
a total of 5,439,151 registered patents, 4,246,859 registered trademarks and 527,902 registered
designs from 1978 until 2016.!

o Text analysis allows for the combination of different data sources, or use of heterogeneous data:
Barriers imposed by the difference in the data structure of different data sources can be overcome
with the usage of language and shared words. Several authors take advantage of this: Bakhtin
et al. (2020) combine various data sources from scientific articles, patents, news, and awards to
analytical reports with natural language processing to identify emerging patterns in agriculture
and food production to provide insights for governments and firms for strategic planning activities.
Kayser (2017) integrate media with the abstracts of publications via matched terms for an innovation
diffusion perspective, while Shen et al. (2020) compare the textual content of patent and publication
clusters to discovering opportunities of scientific advancement and technological innovation in
smart health monitoring technologies. Combining several data sources can thus reveal new insights,
and text analysis helps with the integration.

Another important argument in this context is the time-efficient analysis options (Bakhtin et al. 2020;
Chiarello et al. 2021; Dahlke et al. 2021; Kayser 2017; J. Kim and C. Lee 2017; Zhou et al. 2020; Zhu
and Porter 2002), which enable quick results and therefore quick statements. This is particularly relevant
in rapidly changing fields where new findings are constantly being published. In addition, data-based
knowledge extraction is relevant, so that knowledge can be gained independently of experts (Bakhtin et al.
2020; Basole et al. 2019; Larsen and Thorsrud 2019; Mi et al. 2021; Shen et al. 2020; Song et al. 2017;
Zhou et al. 2020). This reduces expert bias and allows more people to generate knowledge. Overall, the
application of textual analysis in innovation research can reveal interesting insights. Studies have been
done, for example, on the current development of technologies like biofuels Curci and Mongeau Ospina
(2016) or blockchain (Chiarello et al. 2021), the diffusion of technologies like big data in scientific
research (Y. Zhang et al. 2019) or upcoming topics in innovation like batteries or charging connectors in

'Own data based on Query A.1, Query A.1 and Query A.1



electric vehicles (Feng et al. 2020). The textual analysis can further be used to generate new ideas for
innovation areas by extracting ideas from public sources like Twitter (Ozcan et al. 2021) or identifying
promising areas by comparing consumer needs with available technologies (Mi et al. 2021). In the context
of firms, text analysis can further reveal insights on the convergence of firms (N. Kim et al. 2015) or make
the creativeness of firms traceable (Fiordelisi et al. 2019).

The various arguments for text analysis make it also interesting for the analysis of trademarks: Large
amounts of trademarks are available for analysis. The textual data of trademarks can be used to extract
detailed insights into different innovation areas and aspects of diffusion. Moreover, the textual data of
trademarks allows us to bridge trademarks to other data sources. The combination of trademarks with
different data sources can be of interest to capture, e.g., services but also the development of products more
broadly. The combination could be achieved textually between trademarks and patents. This implies
that shared words among trademarks and patents link the different intellectual property rights. This
would also overcome the large differences between the available classification systems in trademarks and
patents. The main assumption is that the description of an invention is similar across different intellectual
property rights, but the area of protection and application is changing, with a slight shift of focus when
it comes to the information conveyed. This means that patents cover more of the technological aspects,
while trademarks shed light on the market application and diffusion of an invention. In this thesis,
the combination of trademarks with patents is, thus, primarily of interest. However, designs are also
considered an interesting data source for innovation areas with high importance on other shapes and
patterns. Designs are applied to protect novel ornamental elements (WIPO 2021c). Like trademarks,
designs are currently not included as a standard data source in analyses of innovation. In this work, they
are included in Chapter 5, as they are of interest in the field under consideration. Like trademarks, they
might contribute to a more accurate measurement of innovation and could provide interesting insights.

First attempts to use textual data of trademarks for analysis have been made: Flikkema et al. (2019)
derive brand strategies of creation, extension or modernisation based on mark names and NICE coverage.
Semadeni (2006) compares the wording of different firms’ trademark applications to determine the firms’
relative position to each other. The wording of trademarks can further reveal the likelihood of service
innovations to be imitated (Semadeni and Anderson 2010). Even though some examples of the use of
textual data of trademarks exist, it has yet to be common to apply textual data analysis. Castaldi (2020)
points out in her overview that the focus is still primarily on structured, non-textual data of trademarks
that are used for analysis and that the trademark information is not used yet to their full potential.

In terms of combination, textual data of trademarks and patents have been combined: Authors like M.
Lee and S. Lee (2017) use the patents of firms to display technological knowledge and obtain details on
the market positioning of competitors based on the trademark descriptions. H. Kim et al. (2017) match
patents and trademarks broadly with keywords shared among patents and trademarks to uncover how
technological knowledge can be applied in the market and identify potential areas for diversification.
Patents thereby provide the invention perspective, while trademarks reveal areas of market introduction
of these inventions. However, the approaches to combine the data sources still mostly focus on keywords.
Another methodology to extract information from textual data that considers more than just keywords from
the textual data is topic modelling. Topic modelling is an approach for extracting the topics occurring in a
set of documents based on the words in these documents (Blei et al. 2003). In contrast to keyword-based
matching, topic modelling can also consider synonyms or the context of words. Example applications in
the context of innovation research are, for example, Basole et al. (2019), who identify topics and clusters
in the entrepreneurial ecosystem via topic modelling and reveal that clusters of entrepreneurs are not only
industry driven but also related to the similarity of their topics. Another example is Larsen and Thorsrud
(2019), who apply topic modelling to identify valuable topics in news articles that are then integrated
into economic models to improve the prediction of economic booms.

Overall, textual data of trademarks is the focus of this thesis. The information in the textual descrip-
tion of the application area of trademarks in goods and services could provide a broader perspective
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on innovation as they cover technical and non-technical areas and applications in goods and services.
The textual data further allows for the combination of trademarks with patents that primarily consist of
textual data, such as abstracts that summarise the content or patent claims that cover the protected areas.
Analysing the textual data of trademarks is one solution to extract more information from trademarks and
simultaneously provide a possibility to combine trademarks with other data sources. By doing so, this
thesis extends innovation coverage with the textual inclusion of trademarks to provide a broader perspec-
tive on innovation. The broad innovation coverage supports empirically-based policy recommendations.
However, to take advantage of the potential of textual data of trademarks, the data needs to be better
comprehensively assessed, and the characteristics of the data source must be elaborated.

Several aspects need to be considered in the context of this thesis to extract the advantages of textual data
of trademarks for innovation research:

Trademarks are a data source that provides, e.g. a perspective on services or low-technology areas but
also covers high-technology areas. Trademarks, however, have the drawback of unclear innovation
linkage and limited levels of detail for sophisticated analyses.

Textual Data can provide detailed information and, in that sense, provides an additional perspective in
combination with structured data. Further, as textual data is available in various data sources, it
holds the potential to allow for new combinations of data and, thus, new insights gained from these
combinations. In the context of textual data, however, it remains to be seen how the possibility of
their analysis is used in innovation research. It is of interest which methods and data are used to
address different research questions.

Textual Data of Trademarks allows for the combination of trademarks with other data sources, thereby
providing a broader perspective on innovation in general through the inclusion of services and
low-technology innovation in the analyses. However, it needs to be made clear where trademark
texts differ from, for example, patent texts and, thus, where they add value. Patents could provide
the inventive step, while trademarks ensure market application. By that, the coverage of innovation
could be ensured.

Innovation in Textual Data of Trademarks is not ensured. Some trademarks are linked to innovation,
but not every trademark is. Therefore, it is still being determined how this affects the analysis
of trademark text data and whether trademark textual data can provide interesting insights into
activities in innovation areas, even if only to shed light on diffusion aspects.

Overall, the thesis addresses these aspects and intends to keep the strength of trademarks while simul-
taneously addressing the limitations of this data source using textual data. To build an understanding of
trademarks and, in that context, textual data analysis, the thesis is structured as follows: In Chapter 2, the
general background on innovation, patents, trademarks and designs as part of intellectual property rights
and innovation measurement is given. Further, textual data analysis in general and with a focus on the
main method used in this thesis is presented. This knowledge serves as a general foundation for the thesis.
Following the Foundations, Chapter 3 focuses on the current use of textual data for innovation research
in general. This literature review provides a general understanding of the state of the art of textual data,
its analysis, reasons to apply textual data analysis and potential application areas in innovation research.
Chapter 4 and Chapter 5 then perform textual data analyses of trademarks in combination with other data
sources. Chapter 4 focuses on how trademarks and patents can be effectively combined to give a broader
picture of innovation. It assesses the textual combination and how aspects of innovation are covered in
each data source but with a focus, especially on trademarks. The underlying assumptions of this chapter
are that insights on trademarks of structured and text-based data differ and that textual data of trademarks
generally contribute to a broader understanding of innovation. The analysis is performed on Robotics
and Footwear as representatives of a high-technology and a low-technology, respectively. The insights
gained serve as a foundation for further analyses of innovation based on textual data of trademarks. By
contrast, Chapter 5 combines patents, trademarks and designs to cover the transformation of the musical



instrument sector from low technology to high technology and introduces a focus on firms. Even though
one would expect an increase in patent applications in the sector due to the increasing relevance of
electronic instruments, trademarks are the relevant intellectual property right in the sector, not only for
classic but also for electronic musical instruments. The analysis contributes to a better understanding
of this phenomenon by providing insights into the intellectual property rights application in the context
of technological transformation and firm background. The thesis concludes in Chapter 6, where general
insights are reflected and discussed, especially concerning textual data of trademarks, and the main con-
clusion of the thesis is drawn. In general, the work contributes to a better understanding of textual data of
trademarks. It sheds light on textual data in innovation research as a whole, the contribution of trademarks
combined with other data sources and uses the insights gained to answer economic questions.

For the general structure of the thesis, it can thus be said that the chapters start with a general perspective
on textual data and become more specific over the course of the thesis: The thesis focuses first on
textual data in general, then looks at textual data of trademarks in comparison to patents before finally
applying the knowledge gained to assess technological transformation concerning intellectual property
right use, covering patents, trademarks and designs. The structure of the thesis is graphically represented
in Figure 1.2. Here, the commonly coloured shape contours of the boxes indicated shared aspects between
the different chapters of the thesis. The legend can be found on the left.

Innovation Areas/ Sectors: All chapters cover different aspects of innovation (yellow). The foundation’s
section provides the general aspects of innovation and its measurement. The review in Chapter 3
is not restricted to an innovation area or sector. It is only relevant that the articles in the sample
are published in a business or an economic area, cover innovation and use textual data. Chapter 4
compares Robotics as a high-technology sector with Footwear as a low-technology sector to gain
generalisable insights. Lastly, Chapter 5 looks at the transformation of musical instruments, which
covers aspects of low- and high-technology applications due to classical and electronic musical
instruments.

Intellectual Property Rights: Intellectual property rights (violet) with a focus on trademarks are present
across all parts of the thesis. The foundation’s chapter presents the background of intellectual
property rights and especially patents, trademarks and designs and the measurement of innovation,
as well as an introduction to the textual data analysis method applied in this thesis. In Chapter 3,
intellectual properties are only indirectly considered as part of the textual data sources being used in
some of the analysed publications. Trademarks and patents are then closely assessed in Chapter 4
and Chapter 5 with the addition of designs in the latter. However, the main focus of the thesis is on
trademarks.

Textual Data: Textual data (green) and its analysis are relevant in all chapters. The analysis of textual
data is described in the foundation’s chapter. This thesis uses Structural Topic Modelling developed
by Roberts et al. (2019). Topic Modelling is a text analysis technique to derive topics out of a large
number of text documents. Structural Topic Modelling is a specific topic modelling approach that
identifies topics in existing documents under the consideration of additional information (Roberts
et al. 2019) (see further details in Section 2.4). Chapter 3 analyses published articles using textual
data in innovation research. The articles in the sample are not restricted to a specific data source.
Chapter 4 then analyses patents and trademarks, while Chapter 5 additionally includes designs into
the analysis.

Figure 1.3 provides an integrated perspective on the chapters. In the course of the thesis, the innovation
areas covered are narrowed down to increase the focus, level of detail, and the integration of high- and
low technology (triangle in yellow). The areas are broadest in the literature review of Chapter 3, where
all kinds of areas in relation to innovation and textual data are assessed. In Chapter 4, high-technology
Robotics and low-technology Footwear are analysed as innovation areas. In contrast, high- and low-
technology aspects in Musical Instruments are jointly considered in Chapter 5. The triangle in green
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Figure 1.2: Structure of the Thesis.

The figure illustrates the thesis structure. Chapter 1 introduces the thesis, while the foundation
chapter explores key themes such as innovation, intellectual property rights, innovation measure-
ment, and textual data analysis, which are relevant throughout the entire thesis. Chapters 3 to 5
delve into the application of textual data in innovation research, with a specific focus on trademarks,
patents, and designs. In these chapters, the left-hand side boxes explain the meaning of shape and
colour: blue signifies aspects related to intellectual property rights, green represents textual data
sources for analysis, and orange denotes the covered areas of innovation. Grey is associated with
the methodology. Chapter 6 offers a summary of the conclusions drawn from individual chapters
and the overarching thesis.
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Figure 1.3: Integrated Perspective on the Research Chapters.
The triangle in yellow represents the breadth of innovation areas covered. The triangle in green
stands for the breadth of data sources used.

represents the breadth of data sources used for the analyses in each chapter, which increases during the
thesis. In the beginning, publications are considered, followed by a joint analysis of trademarks and
patents, and concluding with a joint analysis of patents, trademarks and designs.

The remainder of the thesis goes as follows: First, further information on innovation, intellectual property
rights, innovation measurements and textual data analysis is provided in Chapter 2. In Chapter 3, insights
on textual data in innovation research are provided before performing different analyses on textual data
of trademarks in Chapters 4 and 5. Finally, the findings of the thesis are summarised, and general topics
are discussed before closing with the main contributions of the thesis in Chapter 6.






2 Foundations

In this chapter, the foundations of this thesis are presented. First, Section 2.1 addresses the meaning
of innovation, its definition and diffusion. Section 2.2 deals with patents, trademarks and designs as
intellectual property rights and their use for the protection of innovation. Section 2.3 then discusses the
basis for measuring innovation. Finally, Section 2.4 lays the foundation of the analysis of textual data.

2.1 Innovation and Technology

Schumpeter (2010) identifies innovation as a driving force of economic growth. Through innovation,
higher productivity can be reached, and new firms and industries emerge. Firms, therefore, are incentivised
to keep being innovative to stay competitive. If innovation performance declines, they perish (Schumpeter
2010). Innovation impacts, e.g. technological progress, investments, productivity or resource allocation
(OECD 2015). Kuznets (1973) argues that major innovations are the basis for structural transformation
and modern economic growth enabled through scientific breakthroughs. A major innovation forms
the basis for widespread applications and improvements, has an impact over a long period, and leads
to economic transformation. The mass adoption of technological innovations interacts with scientific
advances, driving further technological advances. Innovation is an important factor to be considered
from a policy perspective.

Definition Whatis understood with “innovation” is not easily defined: According to Schumpeter (2010),
innovation includes, but is not limited to, the introduction of new goods, development of new markets,
technological changes, new business organisations and the recombination of existing factors in a new
way. Henderson and Clark (1990) distinguish innovations based on their impact on linkages or the core
concept of components. Incremental and modular innovations leave the connections untouched, while
architectural and radical innovations change them. The core concept is discarded by modular and radical
innovations and reinforced by incremental and architectural innovations. While Henderson and Clark
(1990) look more at the types of innovation, the OECD and Eurostat (2005)’s definition sheds more
light on the application areas of innovation. According to OECD and Eurostat (2005), product, process,
marketing, and organisational innovation are the four distinguished types of innovation. The Oslo Manual
is used as the basis for numerous innovation studies and policy analyses. For example, until 2016, the
Community Innovation Survey (CIS), which collects information on innovation and enterprises in the
European Union, assesses products against process innovation (Eurostat 2021a). In the Oslo Manual
2018, a revised definition with a broader innovation concept is developed. Therein, product innovation
and business process innovation are distinguished. The definition of product innovation covers services,
goods and knowledge-capturing products. The latter are offerings with characteristics of goods and
services. Business process innovations are differentiated according to their business function reference.
Functional areas include production, marketing and sales, information and communication systems,
administration and management, or product and business process development. Common to both types
of innovation is that a significant difference must be present compared to the firm’s existing products
or processes. New products must be introduced to the market, while processes require use within the
firm (OECD and Eurostat 2018). The Community Innovation Survey in 2018 (Eurostat 2021a) adopts
the differentiation to product and business process innovation. As can be seen, innovation is relevant
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in several areas, with varying definitions being applied. Baregheh et al. (2009) address this issue and
develop the following overarching definition based on the understanding of innovation across multiple
disciplines and over time:

“Innovation is the multi-stage process whereby organisations transform ideas into new/
improved products, services, or processes, to advance, compete and differentiate themselves
successfully in their marketplace.” Baregheh et al. (2009, p.1334)

Innovation Diffusion The successful introduction of innovation in the marketplace and, thus, the
diffusion of innovation is highly relevant for considering innovation. Already Ryan and Gross (1943)
analysed diffusion based on hybrid corn in Iowa, U.S. It is a method of breeding that replaced former
methods within several years. Ryan and Gross (1943) find that the dimensions of time, acceptance,
information channels and individual characteristics are relevant. The diffusion pattern is slow initially,
rises steeply, and declines at the end. These elements are also part of the definition of Rogers (1983),
which defines diffusion as:

“The process by which (1) an innovation (2) is communicated through certain channels (3)
over time (4) among the members of the social system.” (Rogers 1983, p. 10)

To summarise, innovation has a major impact on the welfare of societies. It occurs in various areas and,
per definition, requires a market application. Its diffusion can replace existing, e.g., products, processes,
or services. Due to its importance, it is necessary to capture it broadly. Intellectual property rights such as
patents, trademarks and designs are formal mechanisms to do so. While patents cover the state-of-the-art,
diffusion considerations and the market introduction of inventions are key arguments for using trademarks
for innovation measurement and, thus, of interest in this thesis.

2.2 Intellectual Property Rights Protection

As innovations are essential for firms and often require significant investments, firms apply formal and
informal protection mechanisms to protect their innovations from imitation and ensure returns from their
investments (Rammer 2002; Neuhdusler 2009). Formal protection mechanisms include, among other
things, patents, trademarks, and copyrights, while informal protection mechanisms are, e.g., secrecy,
complexity, or time to market (Rammer 2002). The mechanisms serve for protection and are also used
to measure innovation activities. Especially patents are often considered (Dziallas and Blind 2019).
However, they are not applied in the same way across all industries and sectors: Neuhéusler (2009)
find that R&D-intensive industries apply more patent protection than lower R&D-intensity industries .
Rammer (2002) compare trademarking and patenting and show that patents are used in higher numbers
in the manufacturing sector than trademarks. In contrast, trademarks are used more than patents in the
service sector. Thomi and Bizer (2013) find that most firms do not apply formal protection mechanisms
in the small enterprise sector. Their innovations are either not protected or only protected with informal
mechanisms such as secrecy, complexity, or design. This is in line with studies from Levin et al. (1987)
and Cohen et al. (2000). According to Cohen et al. (2000), firms protect their product inventions with
several mechanisms like patents, secrecy, and lead time advantage. The manufacturing industry prefers
secrecy and lead time advantages over patents. Larger firms prefer patents. Firms use their patents to profit
from licencing and commercialisation, to push for negotiation or prevent competition through blocking.
The survey of Levin et al. (1987) reveals that most firms consider patent protection not appropriate for the
protection of new processes. Patents did score better in the protection of products. However, lead time,
learning curve, sales or services were still regarded as more effective in protecting product inventions.
Patents displayed limited effectiveness in most industries, except for the pharmaceutical industry with
drug development. Hall et al. (2014) also find that patents are important in the chemical, pharmaceutical,
and medical industries. Yet, across all industries, lead time is often preferred to protect innovation, and
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patents are considered ineffective. The authors further find that the focus on patents neglects copyright
and trademarks, which are widely used. The use of the protection mechanism is generally determined by
the invention’s characteristics like product or process, discreteness, and complexity. The authors point
out that a better understanding on an invention level instead of a firm level is needed to understand better
the different mechanisms to protect inventions.

Trademarks, patents and designs are considered intellectual property rights (IPRs) and protect the “cre-
ations of mind” (WIPO 2020d, p. 1). While patents, for example, promote and protect innovation,
trademarks identify the origin of a product or service (Gorman 2017). Intellectual property protection is
regulated under the Paris Convention for the Protection of Industrial Property, which was established in
1883 and last amended in 1979. It applies to patents, industrial designs, trade and service marks, among
other things. The convention ensures that common rules apply, that foreign applications are treated the
same as national ones and that a priority application exists! (WIPO 1979). The convention applies to all
members of the Union. In 2022, 179 countries took part (WIPO 2022b).

In the following, further information on patents, trademarks and designs is provided, with a major focus
on trademarks. Examples are provided to explain the textual data in each IPR. This information serves as
a basis for the textual work in Chapters 4 and 5.

2.2.1 Patents

“A patent is an exclusive right granted for an invention, which is a product or a process that
provides, in general, a new way of doing something, or offers a new technical solution to a
problem.” (WIPO 2021h)

Patents protect inventions (EPO 2018). Besides protection, motives to patent are blockage, reputation,
exchange, commercialisation, licensing, and incentives. All motives are applied, but sectoral differences
exist (Blind et al. 2006; Cohen et al. 2000). The patent application requires a new invention that improves
the status quo, is applicable in the industry and concerns a “physical activity of ‘technical character’ ”
(EPO 2018, Part G, Ch. III-1).? Patents thus require the disclosure of something new but do not require
a market introduction. With patent protection, a monopoly is granted to the owner of the patent for a
limited period, generally 20 years, in exchange for the public disclosure of the invention (WIPO 2021h).
For the duration of the patent protection, the patent owner has the exclusive right to use the invention
and can decide on its use by others. Patent protection is limited to a geographical scope determined
by the granting authority (WIPO 2021h). The “United States Patent and Trademark Office (USPTO)”
grants patents that are valid for the U.S. market (USPTO 2015), while European patents are granted by
the “European Patent Office (EPO)” (EPO 2018). In addition, there are other patent authorities such as
the “Deutsches Patent und Markenamt (DPMA)” in Germany (DPMA 2021b) or the “Institut National
de la Propriété Industrielle (INPI)” in France, each of which is responsible for national protection. The
geographical protection sought determines the responsible patent authority. Patents are arranged globally
hierarchically according to the “International Patent Classification (IPC)” System. This system structures
the patents according to their technical content into sections, classes, subclasses, and groups (WIPO
2020b). About 75,000 groups are in use. It facilitates finding information and working with patents
(WIPO 2020c). An extension of the system is the “Cooperative Patent Classification (CPC)” system
with around 250,000 entries provided by the EPO and USPTO that also covers new technical fields (EPO
2022). An example in the context of the thesis is CPC subclass “G10H” that covers electrophonic musical
instruments with section G “Physics” and G10 “Musical Instruments” (USPTO 2022a).

"Priority implies that the applicant for protection has twelve months in case of patents or six months in case of industrial
designs or marks to seek protection in other countries. If another applicant seeks protection, the applicant of the first regular
application can refer to its priority (WIPO 2021i). This means that if the criteria for protection are met, only the time of
application is decisive for deciding who receives the protection rights.

2 An invention of technical character concerns a technical problem in a technical field with a technical feature (EPO 2018).
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Figure 2.1: Total Yearly Development of Granted USPTO Patents between 1978 and 2016.
The figure depicts the patents granted by the USPTO from 1978 to 2016, with years referenced to
the application filing year.
Source: Own representation based on USPTO data (see Query A.1).

For the analyses in this thesis, granted USPTO utility patents are considered. In the U.S. system, a
distinction is made between design, utility, and plant patents. Utility patents are the most common and
cover, e.g., processes or machines (USPTO 2022c¢). Utility patents are referred to in this thesis as patents.
In total, 5,439,151 patents were registered from 1978 until 2016. The yearly development can be seen in
Figure 2.1.

As textual data are used in this thesis, it is further necessary to understand the structure of a patent
document. An example of musical instruments is U.S. patent 4,788,896. The patent’s front page is
displayed in Figure 2.2. In total, the patent document consists of 37 pages. On the front page on the top
left, the inventors of the invention described in the patent, here Uchiyama and Suzuki (1988), are named.
The patent number and registration date are found on the top right. On the left, further information
is provided, like the title, assignee or filing date. The patent was filed in June 1986 and registered in
December 1988 by “Nippon Gakki Seizo Kabushiki Kaisha”, a predecessor of Yamaha Corporation. The
CPC class G10H is also found on the left. On the right, the patent abstract is displayed. This thesis uses
the abstracts of patents for textual data analysis. The other pages of the patent document contain further
illustrations and a detailed description of the invention and the scope of protection.

Patents overall provide information on inventions. The introduction of the protected invention is thereby
not a requirement. An innovation, however, does require introduction in the marketplace. Trademarks
could provide this market use.

2.2.2 Trademarks

Unlike patents, trademarks often require introducing protected goods and services to the market. However,
an inventive step is not necessary for a trademark to be valid, only an application in a market. An example
of a musical instrument trademark document can be found in Figure 2.3. Trademarks protect a name,
here “Parallel Digital Imaging”. The textual description of “Sampled sound tone generator for electronic
organs’” introduces a trademark application. The trademark is registered in the context of Nice Class 15
“Musical instruments” which implies that the trademark protection is foremost for the area of musical
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Figure 2.2: Example of U.S. (Utility) Patent No. 4,788,896.
The figure illustrates the front page of a U.S. patent for tone generators. The inventors, Uchiyama
et al., are listed at the top left. The patent number and date of patent registration can be found at
the top right. The patent filing date is situated next to the number 22. Source: Front Page of U.S.
Patent No. 4,788,896 (Uchiyama and Suzuki 1988).
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Prior U.S. Cls.: 21 and 36
. . Reg. No. 1,719,447
United States Patent and Trademark Office Registered Sep. 22, 1992

TRADEMARK
PRINCIPAL REGISTER

PARALLEL DIGITAL IMAGING

RODGERS INSTRUMENT  CORPORATION FIRST USE 12-20-1990; IN COMMERCE
(OREGON CORPORATION) 12-20-1990.
1300 N.E. 25TH AVENUE NO CLAIM IS MADE TO THE EXCLUSIVE
HILLSBORO, OR 97124 RIGHT TO USE “DIGITAL” AND “IMAGING”,
APART FROM THE MARK AS SHOWN.
FOR: SAMPLED SOUND TONE GENERA- SN 74-024,399, FILED 1-31-1990.
TOR FOR ELECTRONIC ORGANS, IN CLASS
15 (U.S. CLS. 21 AND 36). J. TINGLEY, EXAMINING ATTORNEY

Figure 2.3: Example of U.S. Trademark Registration No. 1,719,447 (Serial No. 74,024,399).
The figure presents the U.S. Trademark bearing Serial No. 74,024,399. However, the trademark
registration number, which is assigned post-registration, is 1,719,447. The trademark is identified
as “parallel digital imaging” and falls under Nice class 15, registered for the purpose of a sampled
sound tone generator for electronic organs.
Source: Registration Certificate of U.S. Trademark Serial No. 74,024,399 (USPTO 1990).

instruments (see also Table 2.1). Textual data of trademark applications are used in this thesis as a basis
for textual data analysis.

Trademark registrations are viewed as a protection of marketing investments and are valued by financial
markets. Established trademarks are thereby valued more highly than new trademarks (Sandner and
J. Block 2011) and can account for a significant share of a firm’s market capitalisation (WIPO 2013).
However, the effect of trademark families > on the market valuation of large firms differs: brand devel-
opment, extension and modernisation are valued. In contrast, brand creation and hedging have no effect
(J. H. Block et al. 2014). Further, Castaldi and Dosso (2018) find a positive direct effect on growth
premium for high-tech sector firms with more than average trademarks. Firms with more trademark
filings than the median signal their capabilities to perform in the market. The demand for and use of
trademarks correlates with economic cycles: For example, the financial crisis led to a falling demand
for trademarks (Myers 2013) and deGrazia et al. (2019) show that declining first uses of trademarks
predict business cycle downturns. Seip et al. (2018) argue that the timing of trademark application differs
across sectors, product or service innovation and firm types and relates to different stages within the
innovation process. In their empirical analyses of trademark applications, the authors find that the timing
of trademarking depends on the firm and innovation to be protected. Earlier-stage trademarking is related
to start-ups, especially in the case of product innovation, and to firms with trademarking experience. The
high-technology manufacturing industry applies late-stage trademarking. Service innovations cannot be
related to a specific stage but are applied in all stages. Further, according to De Vries et al. (2017),
factors like high market concentration, business-to-consumer markets and venture capitalists increase
the likelihood of start-ups first filing trademarks instead of patents. However, existing trademarks, other

3Trademark families are groups of trademarks with common characteristics like “Pampers” being protected by more than 40
different trademark applications (J. H. Block et al. 2014).
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protection means or joint innovations with others decrease the likelihood of innovators trademarking their
innovation (Athreye and Fassio 2019). Likewise, Bei (2019) finds that firms without valuable trademarks
prefer internal innovation. The likelihood to commercialise innovations from external sources when en-
tering new industries increases with the applicability of valuable trademarks in another industry. Overall,
trademarks are applied across different companies and sectors for different reasons and at different stages
of the innovation process.

Definition Formally seen, a trademark is “used to identify products” (EUIPO 2019) or to “identify and
distinguish the goods/ services of one seller or provider from those of others, and to indicate the source
of the goods/ services” (USPTO 2019). According to the definition of WIPO (2019b), “a trademark is a
sign capable of distinguishing the goods or services of one enterprise from those of other enterprises.”
Trademarks are used for product identification and differentiation (EUIPO 2019; Millot 2009). Besides,
for example, words, names, symbols or signs, trademarks can take the form of sounds, motions or
multimedia marks (USPTO 2019; EUIPO 2019). Both services and goods can be covered under a
“trademark”™ (analogous to the definition of (WIPO 2019b)). In some cases, these are also referenced
separately as “service marks” or “trademarks” (“trade marks”). This thesis uses the term “trademark” to
refer to service and goods applications.

According to Berlit (2019), trademarks need to fulfil five different legal functions:
1. The origin function makes the origin of the goods or services clear to the customer.
2. The differentiation function enables to distinguish firms or products from each other.
3. The quality function indicates the quality to be expected from the brand.
4. The investment function builds a brand value and generates additional value from licensing.
5. The advertising function eases the advertisement of goods and services.

In the registration process, the focus is particularly on the functions of origin and differentiation (Berlit
2019). The origin and differentiation functions ensure that the link between a product or service offering
and its firm becomes evident in the market. In the service sector, the differentiation effect of trademarks
can support firms in protecting their services that supplement “new to the market” product innovations
(Crass and Schwiebacher 2017). The characteristics of trademarks further favour new product innovations
or innovations in knowledge-intensive services, as their use reduces the likelihood of substitution through
confusion between these innovations and competing offers (Crass and Schwiebacher 2013). Apart from
the mentioned functions, trademarks can enhance products or become functional parts of them. Examples
are fake Rolex watches, bought because of their name and not because of the product (Kozinski 1993).

For innovation research, the relationship between trademarks and innovation is particularly relevant. The
legal functions checked during the registration process do not ensure the innovation reference. While
trademark applications require the brand’s use, they are not checked for their inventive step. Innovation
is not a necessity in trademarks. Despite this, researchers find a link between trademarks and innovation.
Flikkema et al. (2015) find in their study on Benelux SMEs that close to 60% trademark applications
related to new innovations and that especially service innovations are mostly only covered by trademarks.
The authors conclude that trademarks can capture non-technological inventions, intangibles and services,
commercialised inventions, and new inventions to the firm or sector. Mendonga et al. (2004) find that
trademark use in innovative firms is higher than patent use. The application of trademarks or patents in
non-innovative firms is lower in both cases. Product-related trademarks still make up the largest part of
trademark applications, but the share of service marks is rising. The authors further advocate measuring
innovations with new trademark applications rather than firms’ trademark portfolios to capture innovation
activities instead of established products. Research thus implies that trademarks can trace innovations.
So although the innovation content of trademarks is not checked in the registration process, they are
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often related to innovation or filed by innovative firms. This is an important prerequisite to serve as an
innovation indicator.

Protection Trademark protection can be attained worldwide, but the protection scope depends on the
applied trademark legislation. The German Patent and Trademark Office (DPMA) is responsible for
trademark registrations in Germany. International registrations are filed with the World Intellectual
Property Organization (WIPO), while EU trademarks are filed with the European Intellectual Property
Organization (EUIPO) (Berlit 2019). The USPTO is responsible for registering trademarks in the U.S.
(S.J. H. Graham et al. 2013). This thesis will first refer to German trademark law before looking at the
differences between the European and U.S. trademarking system to illustrate the legal situation. Although
the focus will be on U.S. trademarks and U.S. law in the remainder of the thesis, looking at German
and EU regulations allows for a better understanding of the differences and similarities in worldwide
trademark protection.

The German trademark law dates to the “Reichswarenschutzgesetz” of 1874. In 1967, compulsory
use was introduced. Service marks can be registered since 1979. A comprehensive overall reform
of the trademark law took place with the “Markenrechtsreformgesetz” (Trademark Law Reform Act),
which was promulgated in the “Bundesgesetzblatt” (Federal Law Gazette) on October 25, 1994, (Berlit
2019). In the U.S., the state of California first introduced trademark registration in 1863. Federal
registration was not introduced until 1870; before that, trademarks were only protected by common law
(Duguid 2018). The introduction of a federal U.S. registration became necessary during globalisation
and increased international trade, as European countries required prior registration of trademarks in the
country of origin to be accepted in Europe (Gorman 2017). The 1870 legislation was overturned by
the Supreme Court in 1879, making further legislation necessary (Duguid 2018). The Paris Convention
of 1883 created international intellectual property law to ensure the same principles of design, patent
and trademark protection applied internationally (Higgins 2012). In 1946, the Laham Act brought U.S.
jurisdiction up to international standards and introduced service mark protection (Duguid 2018). As can
be seen, trademarks have been applied for a long time. They have been in use longer than patents or
designs Gorman (2017).

According to §4 MarkenG*, trademark protection can be obtained by registration or by reputation, which
is obtained through use’. However, registration offers the advantage that the time of protection and
the geographical scope of protection is determined. The trademark must be sufficiently distinguishable
from existing trademarks to obtain trademark protection (Berlit 2019). The trademark protection and
authority determine the geographical scope of protection: The German Federal territory is considered
the area of protection for trademarks registered in Germany. The protection of EU trademarks extends
to the territories of the member states of the EU. International trademark protection is determined by the
countries to which the protection extends and thus differs for each international trademark. The protection
period of the trademarks is initially ten years and can be extended indefinitely if the prerequisites for
extension are still fulfilled (Berlit 2019). Therefore, there exist trademarks that have had their protection
for a long time. Well-known examples are Nivea (U.S. Serial Number: 71069150, Registered in 1913)
or Coca-Cola (U.S. Serial Number: 71254696, Registered in 1928). Use of the trademark must be made
under §26 MarkenG. If a trademark is not used for five years without interruption, a cancellation of the
trademark can be requested (§49 MarkenG). Similarly, for EU trademarks, use must take place within
five years of registration; otherwise, the registration may not be renewed (Section 3 Article 18 Clause 1
EUTMR).® In the U.S., proof of mark use and the specified areas of protection must be provided at the time
of application according to §1(a) of the Trademark Act, 15 U.S.C. §1051(a). Since 1989, intent-to-use
(ITU.) registrations have been possible (Myers 2013). If use is only intended but has not yet occurred,

4markeng_l994_GesetzUberSchutz as last amended on December 11, 2018

SProtection through use is not applicable for European trademarks (Berlit 2019)

6Regulation (EU) 2017/1001 of the European Parliament and of the Council of 14 June 2017 on the European Union Trade
Mark (Text with EEA Relevance. )
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an ITU. may be made (Section 1(b) of the Trademark Act, 15 U.S.C. §1051(b)). The applicant then
has six months from approval to demonstrate use. The time may be extended upon request in 6-month
increments to a maximum of 36 months (Section 1(d) of the Trademark Act, 15 U.S.C. §1051(d)).” Due
to the different use requirements upon application in the U.S. compared to the European system, the Nice
class coverage differs in the systems. Von Graevenitz et al. (2021) compare the scope of registration of
Community Trademarks (CTM)? and U.K. trademark to their U.S. equivalents based on the word list
provided in trademark descriptions. They find that the coverage of U.K. and CTM trademarks is more
extensive than in the U.S. As the U.S. has a stricter use requirement than the EU or U.K., this implies that
European or U.K. trademarks protect products or services not used in the market, preventing the use of
these trademarks for others. The use requirement is important for this thesis and the main reason to focus
on U.S. trademarks for the textual data analyses. The requirement ensures that trademarks cover actual
market introduction.

U.S. Trademarks for Analyses Even though trademarks have been filed in the U.S. at the federal
level since 1870, not all trademarks are available for analysis at the United States Patent and Trademark
Office (USPTO). Trademarks registered before electronic recording and without renewal are not included.
Trademarks registered as of 1978 are predominantly present. As of 1982, non-registered trademarks are
also included in full (S. J. H. Graham et al. 2013). From 1978 to 2016, 7.22 Million trademarks have been
applied forin the U.S., of which 4.24 Million trademarks have been registered. The trademark applications
and registrations increased over time, with around 400 thousand applications in 2016 compared to below
100 thousand before 1990 ((see Query A.3)). The development can be derived from Figure A.1. Since
the mid-1990s, registrations have increased. However, most marks are not renewed and are cancelled
before the sixth year.

Nice Classification For the analyses, the trademark classification system is of interest. Trademarks are
classified according to the Nice Classification, officially called the “International Classification of Goods
and Services for the Purposes of the Registration of Marks”, established in 1957 by the Nice Agreement
and updated on a regular basis (WIPO 2021b). 89 countries contract the Nice Agreement. The agreement
entered into force in the U.S. in 1972, while in France, the agreement had already been in force since
1961 or in Germany since 1962. (WIPO 2021g). The Nice Classification has been actively used in the
U.S. since September 1, 1973. Before that, the U.S. applied its own classification system, which is still
used in parallel (S. J. H. Graham et al. 2013). The latest version of the classification, which came into
force on January 1, 2022, contains 45 classes, of which classes 1 to 34 are for goods, and 35 to 45 are for
services. The classes organise the trademark applications and determine the main area of protection (see
Table 2.1)) (WIPO 2022a).

Figure 2.4 displays the trademark registrations in the U.S., which are available for analysis. As can be
seen, Nice class 9 “Science or research instruments” is the most important in the U.S., with 621 thousand
registered trademarks, followed by class 35 “Advertising or business management” with 481 thousand
registrations, class 41 “Education and training” with 438 thousand registrations and class 42 with 417
thousand registrations.® Trademark registration is possible in several Nice classes at the same time. In
the U.S., however, the trademarks are mostly U.S. owned and mainly registered in only one Nice class.
In case of an extension of use, the extension cannot be amended to the already registered trademark,
but a new filing becomes necessary (Myers 2013). This is essential for innovation research because
old trademark registrations then cover the at that time relevant status quo, so the temporal reference is
ensured. Therefore, new registrations for an existing trademark also mean that the scope of this trademark
application has expanded at a new point in time. As trademarks cover services in contrast to patents,

7Chapter 15 - Trademark Act of 1946, as Amended
8replaced by EU trademarks
9Class descriptions can be found in Table 2.1

19



Chapter 2: Foundations

Table 2.1: Overview of the Nice Classification, Version 2021-11

Class| Description Class| Description
No. No.
Goods
1 Chemical products 18 Leather and imitations of leather
2 Paints, colourants and preparations 19 Materials for building and construction
3 Non-medicated toiletry preparations 20 Furniture and parts
4 Industrial oils and greases, fuels and illuminants 21 Small, hand-operated utensils and apparatus for house-
hold and kitchen use
5 Pharmaceuticals and other preparations for medical or 22 Canvas and other materials, raw fibrous textile materials
veterinary purposes
6 Common metals 23 Natural or synthetic yarns and threads for textile use
7 Machines and machine tools, motors and engines 24 Fabrics and fabric covers for household use
8 Hand-operated tools and implements 25 Clothing, footwear and headwear
9 Science or research apparatus and instruments, audiovi- 26 Dressmakers’ articles, natural or synthetic hair for wear,
sual and information technology equipment, safety and small decorative items
life-saving equipment
10 Surgical, medical, dental and veterinary apparatus 27 Coverings for floors and walls
11 Environmental control apparatus and installations 28 Toys, apparatus for playing games, sports equipment,
amusement and novelty items, certain articles for Christ-
mas trees.
12 Vehicles and apparatus for transport 29 Foodstuffs of animal origin, vegetables and other horti-
cultural comestible products
13 Firearms and pyrotechnic products 30 Foodstuffs of plant origin, auxiliaries intended for the
improvement of food flavour
14 Precious metals, jewellery, clocks and watches 31 Land and sea products, live animals and plants, foodstufts
for animals
15 Musical instruments, parts and accessories 32 Non-alcoholic beverages, beer
16 Paper, cardboard, office requisites 33 Alcoholic beverages, essences and extracts
17 Electrical, thermal and acoustic insulating materials and 34 Tobacco and articles used for smoking
plastics for manufacturing
Services
35 Advertising, business management, organisation and ad- 41 Education, providing of training, entertainment, sporting
ministration, office functions and cultural activities
36 Financial, monetary and banking services, insurance ser- 42 Scientific and technological services, research and de-
vices, real estate affairs sign, industrial analysis, industrial research and indus-
trial design services, quality control and authentication
services, design and development of computer hardware
and software
37 Construction services, installation and repair services, 43 Services for providing food and drink, temporary accom-
mining extraction, oil and gas drilling modation
38 Telecommunications services 44 Medical services, veterinary services, hygienic and
beauty care, agriculture, aquaculture, horticulture and
forestry services
39 Transport, packaging and storage of goods, travel ar- 45 Legal services, security services for the physical protec-
rangement tion, personal and social services
40 Treatment of materials, recycling of waste and trash, air
purification and treatment of water, printing services,
food and drink preservation
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The table offers an overview of the Nice Classification, Version 2021-11, used for trademark classification.
There are 45 classes in total, comprising 34 for goods and 11 for services. The descriptions provided for each

class offer a concise summary of their respective classifications.
Source: Own representation based on WIPO (2022a).



2.2 Intellectual Property Rights Protection

600 -

400 -

200~

Amount of Trademarks [in Thousand]

7 8 9 101112131415161718192021222324252627282930313233343536373839404142434445
Nice Class

Classification of Goods and Services . Goods . Services

Figure 2.4: Nice Classes of Registered Trademarks between 1978 and 2016.
The figure illustrates the distribution of registered trademarks across various Nice classes at the
USPTO, considering only trademarks registered between 1978 and 2016. Notably, classes 1 to 34
represent categories for goods, whereas classes 35 to 45 encompass services.
Source: Own representation based on USPTO data (see Query A.2).

Figure 2.5 displays the development of the goods and service registrations of trademarks from 1978 until
2016. As can be seen, the share of service trademarks and trademarks in absolute numbers increases over
time.

2.2.3 Designs

Apart from patents and trademarks, this thesis considers designs as a protection mechanism. The
reference of designs depends on the countries: most offer protection to registered designs under the
industrial design law while others, like the USPTO (USPTO 2022b), apply patent law and refer to the
designs as design patents (WIPO 2021c). During this thesis, industrial designs or design patents are
referred to as “designs”. A “design constitutes the ornamental aspects of an article” (WIPO 2021c),
consisting of two- or three-dimensional features of the article. They are applied to various products, from
textiles to electronic devices. An example of a U.S. design is given in Figure 2.6. The figure displays
design protection in musical instruments. Of interest for the textual data analysis is the design claim of
an ornamental design for a musical tone controller. In total, 527,902 design patents are registered in the
U.S. The registrations increased from around five thousand per year in the 1980s to above 20 thousand
since 2006 (see Figure 2.7).

In general, designs are assigned to 32 classes according to the 13th version of the Locarno Classification,
valid since January 1, 2021, (WIPO 2021e; WIPO 2021f). The Locarno International Classification
was first introduced with the Locarno Agreement in 1968 (WIPO 2021a). The classification is valid
in 59 countries, including Germany and France (WIPO 2021d). The European Union Intellectual
Property Office (EUIPO) has compiled a European word list based on the Locarno Classification for
registering designs (EUIPO 2021). The United States Patent and Trademark Office (USPTO) applies a
design classification according to the U.S. Design Classification. The classifications are similar but not
necessarily the same, and the U.S. system is more refined when it comes to the number of subclasses
(USPTO 2020a; USPTO 2021c) (see Table 2.2). In the example mentioned above (see Figure 2.6), the
design relates to U.S. Class D17 “Musical instruments”. In the U.S. system, class D14, “Recording,
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Figure 2.5: Total Yearly Development in Goods and Services of Registered Trademark between 1978 and
2016.
The figure illustrates the yearly filings of registered trademarks within goods and services Nice
classes at the USPTO from 1978 to 2016. It's important to note that if a trademark appears in
multiple service or goods classes, it is counted only once.
Source: Own representation based on USPTO data (see Query A.2).

Communication, or Information Retrieval Equipment”, is the most important class, followed by class
D06, “Furnishings”, (see Figure 2.8).

2.2.4 Combination of Protection Mechanisms

Each intellectual property right brings its mechanisms and makes it possible to protect different aspects.
Firms combine different protection strategies to protect their innovations optimally. Amara et al. (2008)
analyse eight different protection methods of knowledge-intensive business services. The mechanisms
used by the firms are confidentiality agreements at 77%, lead time advantage at 61%, secrecy at 53.8%,
copyright at 41%, complexity at 37.6%, trademarking at 34.5%, patenting at 15.7% and design protection
in 11.8% of the cases. The authors find that design, patents, and trademarks are complementary legal
methods. Firms use legal and informal methods jointly, whereby some protection mechanisms are used
as complements, some as substitutes and some independent of each other that protect different aspects.
Thus, managers “should pay attention not only to patents but also to the other protection mechanisms that
complement the use of patents to protect innovations from imitation.” In the case of Flikkema et al. (2014),
25% of the product innovations and 3% of service innovations are protected by trademarks and patents
in SMEs. S. Graham and Somaya (2004) model the complementarity or substitution effect of copyrights,
patents and trademarks as IPR protection strategies in the software industry. In the 1990s, patent and
especially software patent protection grew in the U.S., while the scope of trademark protection remained
limited. The authors find a complementary use of different types of intellectual property enforcement in
the firm’s legal process, particularly applying for copyrights and trademarks as plaintiffs and patents as
defendants. J. H. Block et al. (2015) survey 600 mostly U.S. SMEs and find that while manufacturing
firms use trademarks for marketing purposes to differentiate themselves from their competitors, they
protect their inventions by other means. Service firms, in contrast, use trademarks in combination for
marketing and exchange intentions, especially since trademarks are the most important property right
in the service sector.Since innovations are protected by different means, separately and in combination,
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[57] CLAIM

The ornamental design for a musical tone controller, as
shown and described.

DESCRIPTION

FIG. 1 s a front elevational view of musical tone con-
troller showing our new design;

FIG. 2 is a right-side view thereof;

FIG. 3 is a left-side view thereof;

FIG. 4 is a rear view thereof;

FIG. 5§ is a top plan view thereof;

FIG. 6 is a bottom plan view thereof; and,

FIG. 7 is a front perspective view thereof.

The broken lines are shown for illustrative purposes
only and form no part of the claimed design. The cable
is fragmentarily shown to indicate indeterminate length.

Figure 2.6: Example of U.S. (Design) Patent No. Des 347,853.
This is an example of a design registered with the USPTO. The claim offers insights into the
design protection. In the United States, design protection is governed by patent law, and thus, this
registered design is referred to as a “USPTO patent”. The inclusion of “Des.” in the USPTO patent
number at the top right signifies that it is a design protected by the USPTO.
Source: Excerpt from U.S. Design Patent No. D347853 (Masubuchi and Kato 1994).
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Figure 2.7: Total Yearly Development of Granted Designs between 1978 and 2016.

The figure illustrates the yearly filings of granted designs at the USPTO from 1978 to 2016.
Source: Own representation based on USPTO data (see Query A.4).
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Figure 2.8: U.S. Design Classes of Granted Designs between 1978 and 2016.

The figure illustrates the distribution of granted designs across various U.S. design classes at the
USPTO. It takes into account only designs filed between 1978 and 2016.
Source: Own representation based on USPTO data (see Query A.5).
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Table 2.2: Overview of Design Classifications

Locarno Classification (13th Version)

U.S. Design Classes

Class| Description Class| Description
No. No.
1 Foodstuffs D1 Edible Products
2 Articles of clothing and haberdashery D2 Apparel and Haberdashery
3 Travel goods, cases, parasols and personal belongings, D3 Travel Goods, Personal Belongings, and Storage or Car-
not elsewhere specified rying Articles
4 Brushware D4 Brushware
5 Textile piece goods, artificial and natural sheet material D5 Textile or Paper Yard Goods; Sheet Material
6 Furnishing D6 Furnishings
7 Household goods, not elsewhere specified D7 Equipment for Preparing or Serving Food or Drink Not
Elsewhere Specified
8 Tools and hardware D8 Tools and Hardware
9 Packaging and containers for the transport or handling of D9 Packages and Containers for Goods
goods
10 Clocks and watches and other measuring instruments, D10 | Measuring, Testing or Signaling Instruments
checking and signalling instruments
11 Articles of adornment D11 | Jewelry, Symbolic Insignia, and Ornaments
12 Means of transport or hoisting D12 | Transportation
13 Equipment for production, distribution or transformation D13 | Equipment for Production, Distribution, or Transforma-
of electricity tion of Energy
14 Recording, telecommunication or data processing equip- D14 | Recording, Communication, or Information Retrieval
ment Equipment
15 Machines, not elsewhere specified D15 | Machines Not Elsewhere Specified
16 Photographic, cinematographic and optical apparatus D16 | Photography and Optical Equipment
17 Musical instruments D17 | Musical Instruments
18 Printing and office machinery D18 | Printing and Office Machinery
19 Stationery and office equipment, artistic and teaching D19 | Office Supplies; Artists’ and Teachers’ Materials
materials
20 Sales and advertising equipment, signs D20 | Sales and Advertising Equipment
21 Games, toys, tents and sports goods D21 | Games, Toys and Sports Goods
22 Arms, pyrotechnic articles, articles for hunting, fishing D22 | Arms, Pyrotechnics, Hunting and Fishing Equipment
and pest killing
23 Fluid distribution equipment, sanitary, heating, ventila- D23 | Environmental Heating and Cooling, Fluid Handling and
tion and air-conditioning equipment, solid fuel Sanitary Equipment
24 Medical and laboratory equipment D24 | Medical and Laboratory Equipment
25 Building units and construction elements D25 | Building Units and Construction Elements
26 Lighting apparatus D26 | Lighting
27 Tobacco and smokers’ supplies D27 | Tobacco and Smokers’ Supplies
28 Pharmaceutical and cosmetic products, toilet articles and D28 Cosmetic Products and Toilet Articles
apparatus
29 Devices and equipment against fire hazards, for accident D29 | Equipment for Safety, Protection and Rescue
prevention and rescue
30 Articles for the care and handling of animals D30 | Animal Husbandry
31 Machines and appliances for preparing food or drink, not D32 | Washing, Cleaning or Drying Machines
elsewhere specified
32 Graphic symbols and logos, surface patterns, ornamen- D34 | Material or Article Handling Equipment
tation
D99 | Miscellaneous

The table provides an overview of design classifications, comparing the Locarno classification (13th Version)
on the left with the U.S. design Classes on the right. Most classes in the Locarno and U.S. systems contain
similar content under corresponding numbering. For instance, Locarno Class 7 corresponds to U.S. Class D32,
and Locarno Class 31 aligns with U.S. Class D7. However, there is no equivalent in the U.S. system for Locarno
Classes 34 and 99, and conversely, there is no equivalent in Locarno for U.S. Class 32.

Source: Own representation based on WIPO (2021f) and USPTO (2021c).

25



Chapter 2: Foundations

combining several intellectual property rights to measure innovation makes sense. The combination of
patents, trademarks and designs is considered in this thesis.

2.3 Measurement of Innovation

Innovation measurement and data serve policymakers as a basis for understanding economic and social
change, the importance of innovation for goal achievement, and determining the efficiency and effective-
ness of policy decisions (OECD and Eurostat 2018). Innovation indicators exist for innovation culture,
strategy, knowledge and competence, organisational structure, research and development activities and
input, and financial innovation performance, among others (Dziallas and Blind 2019). Dziallas and Blind
(2019) differentiate between product and process innovation indicators. Process indicators are based on,
e.g., time for idea generation, ongoing innovations, rate of suggestions implementation or implemented
process improvements. Product indicators are based on, e.g., intellectual property rights such as patents,
the novelty of the product, technological significance, or new product announcements. Besides, a shift to
qualitative indicators related to technical and non-technical innovation is observable among the indicators
used, which is explained by an increasing focus on service industries. Qualitative indicators are of interest
in the early stages of innovation to assess innovative ideas where product and quantitative indicators may
not be available and to cover sectors such as services(Dziallas and Blind 2019). As part of qualitative
indicators, especially textual data could provide valid information. Authors like Ozcan et al. (2021) or
Shen et al. (2020) apply textual data analysis to uncover ideas for further innovation. Current textual data
for innovation research is more closely assessed in Chapter 3.

2.3.1 R&D-Expenditure or Patent-based Innovation Indicators

Patents and R&D expenditures are considered traditional innovation indicators, whereby patents are
output, and R&D expenditures are input indicators. Sales, total innovation expenditures or new product
announcements are among the new indicators used (Kleinknecht et al. 2002). With data on R&D
expenditures, long time series can be created, or countries, industries or firms can be compared. Although
expenditures cannot be broken down into technological fields, they can be separated into product and
process innovations. However, R&D expenditures as a basis for innovation measurements only reflect one
input factor of several for innovation and based on this, the innovation output cannot be directly inferred.
Also, the input does not necessarily imply an equivalent output. Regional distinctions are difficult, and
innovations by small firms or in the service sector are underestimated (Kleinknecht et al. 2002).

Pakes and Griliches (1980) first find a positive correlation between R&D spending and patent counts,
while considering sectoral differences. Patents are mostly associated with the development stage of the
innovation process (Basberg 1987) and are often used as an indicator for product innovations (Dziallas and
Blind 2019). Patents tend to be registered in the concept phase and are therefore categorised as ex-ante
product innovation indicators (Dziallas and Blind 2019). Patent data allow the analysis of long periods.
They are publicly accessible and are mostly available in electronic form. A sophisticated classification
system can be used for the analysis, and an overview of the technical knowledge is made possible. They
can be disaggregated geographically (Kleinknecht et al. 2002). Patent citations can be used to measure
the value of innovations, with high patent citations indicating major innovations (Trajtenberg 1990).
Considering Patent citations tackles the problem of patents having different economic value (Pakes and
Griliches 1980) and that the patenting system does not distinguish between small and large improvements
(Basberg 1987). However, a drawback of patent-based indicators is that not all innovations are patented
(Pakes and Griliches 1980) and that not every patenting leads to commercialisation so that often only
inventions and not innovations are covered (Basberg 1987). Moreover, the propensity to patent varies
across sectors and firms. Underestimating innovation in low-technology sectors or by small firms and
overestimating firms with R&D collaborations or the innovation intensity of small patent holders are
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underlying systematic errors in the use of patent indicators (Kleinknecht et al. 2002). Blind et al. (2003)
point out problems in the patenting system, such as difficulties in patenting services, tacit knowledge,
software or even products and services in sectors such as the financial or business service sector. Becheikh
et al. (2006) report that out of 108 studies interested in technological innovation in manufacturing, indirect
indicators such as patents (18%) or R&D expenditures (6%) are used less frequently than direct innovation
indicators like innovation count (25%) based on, e.g. product or process announcements, journals or
databases or firm based surveys (24%).

To conclude, patents especially provide valuable information for, e.g., product innovation and the tech-
nological state. However, their coverage of areas like services or low-technology areas is weak.

2.3.2 Trademark-based Innovation Indicators

To overcome limitations of patent or R&D expenditure-based indicators, Millot (2009) proposes the use
of trademark-based indicators. Trademarks reflect the commercial application of products and services.
They can cover marketing and service sector innovation, thus mostly non-technological innovations, and
are positively correlated with innovation on the firm-level. As seen in Subsection 2.2.2, trademarks are
systematically collected, classified and disaggregated for different levels (Flikkema et al. 2015). However,
their relation to innovation is not guaranteed. Different authors use trademarks to measure innovation in
products and services:

Product Innovations: Malmberg (2005) explores trademarks as a product indicator for innovations new
to the firm in the automotive, electromechanical and pharmaceutical industries in Sweden. For
automotive and electromechanical products, trademarks are not considered reliable as new product
introductions are not adequately registered in trademarks. In contrast, trademark registrations in the
pharmaceutical industry align in the long-term perspective with new product introductions. Faurel
et al. (2022) also measure new product innovation based on product trademarks. A significant
positive relationship is found between new trademark applications, sales and profitability. Gao
and Hitt (2012) use trademarks to measure IT-related product variety, with increased IT capital
leading to more trademarks and thus indicating greater product variety. Overall, an increased rate
of innovation can be observed with greater product diversity and product novelties caused by IT
capital.

Service Innovations: Hipp and Grupp (2005) analyse the service industry in which product and process
innovations occur. They find that, in contrast to the manufacturing sector, technology-based
innovations are less important, and patents play only a minor role. To measure service innovation,
they hence propose trademarks as an alternative measure. This is in line with a case study of Blind
et al. (2003) among 65 European service firms that revealed that across all firm sizes, trademarks
are used to a large extent as a protection mechanism and reflect the market introduction of a new
service. Patenting is nevertheless relevant in services but covers ICT-, technology- or hardware-
related services. The results are confirmed among German service firms using patents only when
technical aspects are related to their service offerings (Blind et al. 2003).

Comparing services and product innovation, an online survey among European Community or Benelux
trademark applicants reveals the following: First, new trademarks protect product innovations more
frequently than service innovations. Second, the first trademark of a start-up or for brand creation is more
likely to stand for product innovations than the first trademark of mature firms. Third, trademarks with
a broader geographical coverage are less likely to be related to service innovations. Finally, trademarks
with a narrower scope of protection are more likely to be related to product innovations (Flikkema et al.
2019).

Trademarks, therefore, open up broad possibilities for analysis due to their wide applicability and the
possibility to measure non-technical, service or marketing innovations through trademarks. However,
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in the selection and analysis of trademarks, further aspects such as differences in the legal system, the
home bias of trademark applications, differences between firms, sectors and countries (Millot 2009) and,
above all, the unverified link with innovations in the application of trademarks as an innovation indicator
must be taken into account. Further, not all products are covered by trademarks, and the importance of
a trademark application is hard to measure (Gao and Hitt 2012). In summary, trademarks, like patents,
have both their strengths and weaknesses: In the context of innovation, it is important to note that while
they are not primarily intended to protect innovation, they can be associated with it and particularly
capture service innovations or non-technical innovations. In comparison to and interaction with other
indicators, they may make a valuable contribution to understanding innovation. The textual contribution
of trademarks in the context of innovation remains to be assessed in this thesis.

2.3.3 Combination of Intellectual Property Rights

As discussed, indicators such as patents and trademarks have their strengths in capturing innovation
but also their shortcomings. Combined, trademarks and patents could maintain these strengths while
addressing their shortcomings. Therefore, this thesis addresses the shortcomings of trademarks through
the combination of trademarks with other data sources, especially with patents and designs. According
to Becheikh et al. (2006), this is already performed in other contexts: Direct measures like a firm-
based survey or innovation count as well as indirect measures like R&D expenditure or patents come
with shortcomings and advantages. Some studies combine different approaches to reduce shortcomings
and maintain strengths. Related to the combination of trademarks and patents, Malmberg (2005) finds
that combined analyses of patents and trademarks in the pharmaceutical industry may reveal insights
on innovation, as trademark registrations go in the long run in line with product innovation. Also,
Flikkema et al. (2015) find that the combined analysis of trademarks and patents brings large benefits.
Trademarks relate to patented and unpatented innovation. As such, they find that trademarks filed
related to brand creation or extension capture innovation, of which patents do not cover 80%. The
combined use changes depending on the service or manufacturing background of the applicant. Li (2016)
combines patents and trademarks to measure technological and non-technological types of innovation in
firms as a basis for future earnings. New trademarks predict earnings one quarter as well as one year
ahead. Patents and trademarks serve as a predictor for five-year earnings growth. The authors conclude
that analysts, on the one hand, use the information provided by new trademarks to forecast short-term
earnings but underestimate their effect. On the other hand, they jointly use patents and trademarks for
long-term earnings, but they are overly optimistic. Overall, the combined consideration of trademarks and
patents improves existing innovation measurements. In addition, qualitative indicators provide additional
information on early-stage innovation. The use of trademarks, combined with other data sources and
from a qualitative, textual perspective, therefore provides the potential to cover innovation activities from
a broader perspective.

2.4 Textual Data Analysis

Textual data of trademarks are the main focus of this thesis. For its analysis, textual data analysis is
applied. Textual data analysis is especially of interest in large data sets where an individual assessment
of each document is not feasible or intended and where data are not structured into specific, identifiable
fields. Further, the textual data can reveal granular information on the data provided and, as such, enable
further insights. Insights are data-driven and less dependent on experts, so the expert bias is reduced.
In the context of this thesis, text data opens up the possibility of directly linking various data sources.
By analysing textual data, authors intend to, e.g., gain additional insights on the development of a field,
extract or generate new ideas or identify new areas of future research (for further details, see Chapter 3).
The challenge of textual data analysis is that the methodologies do not have a human understanding of
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the content of text documents. Textual data analysis, therefore, extracts information from documents
based on patterns and statistical occurrences (Aggarwal 2015). For the analysis of textual data, different
methods exist. The selection of the method depends on the problem that should be addressed. Most
problems can be classified to be either clustering or classification problems:

Clustering problems identify groups of words (clusters) in the data set based on similar characteristics
which tend to co-occur. Clustering can be used, e.g. for data summarisation, group identification,
community detection or as a basis for classification models. It is based on similarity measures
(Aggarwal 2015). Different clustering approaches exist, such as K-means clustering or Topic
Modelling.

K-means clustering groups documents in a space of words. Consider an N-dimensional space
where N is the number of unique words occurring in a set of documents. A document can be
represented by a vector showing the number of times each word occurs in that document. Now,
each document exists in the space, and the goal is to find groups of documents that cluster together.
The algorithm begins by defining K randomly selected centres of clusters (centroids) — arbitrary
locations in the space. Each document is assigned to the closest centre (using Euclidean distance).
Iteratively, the centres are then re-determined to represent better the group of documents assigned
to them. The assignment of documents to the centres is then reviewed and optimised for a new
centre if this improves the distance between the document and its centre. The process continues
until no more improvement is achieved, and thus, the cluster assignment remains stable (Aggarwal
2015). A drawback of K-means is that it partitions the documents in the word space. That is, each
document belongs to exactly one cluster.

Topic modelling relaxes that position and assumes that a document can be composed of several
underlying topics. However, topics are not explicit but only latent. Topic modelling makes
them explicit through a probabilistic process which estimates the probability that a topic exists
in a document. Topic modelling is a frequently used approach for dimensionality reduction.
Several approaches for making this inference exist, among which a common one is Latent Dirichlet
Allocation (LDA) of Blei et al. (2003). The results gained from applying LDA are topics in the
sample documents provided to the model. These can then be used to interpret the documents or
the area of study. A modification of the LDA is Structural Topic Modelling (STM) of Roberts et al.
(2019), which makes it possible to determine and analyse the influence of additional information
on the sample. In this thesis, the textual data analysis is performed with Structural Topic Modelling
(STM) of Roberts et al. (2019). LDA and STM are explained in further detail below.

Classification problems address specific features of the data set. They are considered supervised
problems because the models learn the classification feature based on a given training data set. The
model then applies the classification to test data and assigns labels to the data (Aggarwal 2015).
For example, Ozcan et al. (2021) use the approach to distinguish between tweets with and without
ideas. The authors, therefore, extracted a set of tweets from Twitter. Of these, they manually
labelled a subset and provided the positive feature “idea” or negative feature “not an idea”. This
was then used as a training set for the model. Another example is the study of Kreuchauff and
Korzinov (2017), which separates a Robotic patent data set into service robotics and industrial
robotics. Compared to clustering approaches, classification problems are considered more potent
as the classification is defined externally by the user (Aggarwal 2015).

Other methods of interest for analysing textual data are, e.g. sentiment analyses or word embedding.
Sentiment analyses intend to extract the attitude or feeling of the writers towards a subject or topic
out of the wordings used (Liu and L. Zhang 2012). In Word embeddings the context of words is
analysed to identify words occurring in a similar context and revealing similar relations. “Paris”,
for example, has the same relationship to “France” as “Berlin” has to “Germany”. Both are the
capitals of the respective countries. The model can be used to uncover such relationships in textual
data (Mikolov et al. 2013).
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Figure 2.9: Example Representation of Topics in Documents.

The figure illustrates the intuition behind topic modelling. The basic components are topics,
words and documents. Topics are presented on the left, along with associated words and their
respective weights. The middle section displays the documents.On the right, the figure depicts
topic proportions and assignments within the example documents. Small bars indicate the topic
proportion in each document. Each topic is linked to words through coloured dots, and each
dot corresponds to a word in the document. Arrows represent the direction of the computational
estimation. A word distribution is derived based on an estimated topic distribution, which leads to
the observed occurrence in the document.

Source: Extracted from Blei (2012, p. 78).

2.4.1 Latent Dirichlet Allocation

A topic modelling and clustering approach to extract information from textual data is Latent Dirichlet
Allocation (LDA) introduced by Blei et al. (2003). LDA is applied to a sample of documents to extract
the topics occurring in these documents. Like a document analysis performed by a human, the approach
provides an overview of the topics in a sample of documents. It is, however, scalable to a large data
sample, which would otherwise not be feasible to analyse. Yet, to reach that understanding, the model
needs to estimate the topics. Figure 2.9 illustrates an example of the approach (Blei 2012) and is used
to underline the explanations. The figure displays a document titled “Seeking Life’s Bare (Genetic)
Necessities”. This is one of several documents that constitute the text corpus to be analysed.

The text data would first be extracted, preprocessed and transformed to be in an analysable form. These
steps cover the selection of the data to be analysed, the dimensionality reduction to reduce the variation
in the data and increase focus, and the structuring of the textual data. The steps are described in detail in
Subsection 2.4.3.

Before estimating the topics, the analyst decides how many topics the process will discover, as the model
requires the topics to be assumed as input. As the optimal number is unknown in advance, the model is
calculated for several topic numbers, and the optimal number is then chosen based on several metrics,
which are explained in Subsection 2.4.2). In the example shown in Figure 2.9, the analyst has chosen
four as the number of topics to be estimated.

The next step is then the estimation of these four topics. To get these, the model works as follows. First,
two multivariate distributions are determined, representing the probability of topics in documents and the
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probability of words in topics. These distributions together define the words occurring in each document.
The estimation procedure is one of incremental Bayesian inference: Start with a random assignment of
each word to one of the pre-determined numbers of topics, which distributes the topics across documents.
Then iteratively reallocate each word in each document, one at a time, to a new topic. The assumption
is that the topic allocation of the word to be reallocated is wrong, while the word-topic allocation for all
other words in the document is correct. The allocation of a word to a new topic depends on two aspects:
a) the extent to which that topic is present in the word’s document, and b) the extent to which the word
itself is allocated to the topic across all documents. If both probabilities are high, the word is likely to be
reallocated to that topic. This reallocation changes the two probability distributions and is iterated until
the distributions become stable (Blei et al. 2003; Blei 2012).

In Figure 2.9, the resulting four estimated topics are shown on the left. These can then be analysed. The
topics evolve around genetics and DNA (yellow), life and organisms (pink), brain functions (green), and
computation (blue). The topic-word distribution determines the allocation of the words in the topics. For
example, the yellow topic of genetics and DNA displays three words and their occurrence probability in
the topic. These are “gene (0.04)”, “dna (0.02)” and “genetic (0.01)”. On the right, the topic distribution
in the document can be observed: of the four topics, only three are represented. Genetics and DNA have
the highest proportion in the document, followed by life and organism. The two distributions determine
the word assignment in the document. The red topic, for example, contributes “organism” and “survive”,
while the blue topic focuses on “predictions”, “computers” and “numbers”. As the green topic of brain
function is not part of the topic distribution for this document, no words are assigned to the document.
LDA is considered a reversed generative process because it first estimates the distributions representing
the hidden structure before generating the documents with observable words based on these distributions
(Blei 2012).

2.4.2 Structural Topic Modelling

Structural Topic Modelling (STM) of Roberts et al. (2019) is a refined version of the LDA. STM allows
additional information about the documents to be provided to the model to improve model estimation. It
enables the analysis of this additional information. The additional information influences two parameters:
the word occurrence in the topics or the topic occurrence in the documents. The former is called the
“topical content” parameter, while the latter is referred to as the “topic prevalence” parameter. The topic
prevalence parameter u changes the topic-document-probability while the topical content parameter 5
affects the word-topic-probability. These parameters are included in the model calculation and cause,
for example, documents with the same features to have similar topic or word probabilities, while the
probabilities of documents with other features differ. For the model analysis, y provides the topic
distribution in a document and is used as a Normal prior distribution that influences the topic prevalence
(Roberts et al. 2019). A main difference to LDA is the topic dependence assumption. In LDA, topic
independence is assumed, while in STM, this is rejected and replaced by the assumption that topics dealt
with in a document are dependent. In LDA, the topic distribution is determined by a Dirichlet distribution.
In STM, this is replaced by a logistic normal distribution (Roberts et al. 2019; Blei and Lafterty 2007).
This means, for example, that the joint occurrence of a music topic and genetics topic is less likely than
the joint occurrence of a genetics topic and brain function topic. The dependence assumption shows
better performance on real text documents and is introduced in the Correlated Topic Modelling (CTM)
of Blei and Lafferty (2007). Structural Topic Modelling builds on this CTM. Therefore, if no additional
information is transferred to the model, the model corresponds to CTM (Roberts et al. 2019).

Structural Topic modelling can be applied to answer different research questions: Roberts et al. (2013)
apply STM in the context of news articles related to China. The publisher and year are used to influence
the topic prevalence, and the news outlet to influence the topical content. The publisher and year influence
the topic prevalence assuming that both pieces of information are crucial in determining which topics
occur in a document. For example, in 2004, the Taiwan election was relevant, while other topics may
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be more important at other times. This can then be investigated. The assumption behind the publisher’s
influence on topical content is that it makes a difference whether the global or the Chinese press reports
on a topic. The words used for the same topic are different, e.g. “elect, democrat, vote” versus “reunif,
one-china, province”. The analysis helps to understand how China sees itself compared to the world. In
the context of innovation research, Cripps et al. (2020) use STM to differentiate Tweets from firms using
Twitter for innovation and crowdsourcing purposes and Tweets from firms without that relation. This
binary information is contributed to the model as a topic prevalence. With the help of STM, the authors
assess if Twitter can serve as a source for innovation-related information.

Like in LDA, STM requires the topic number as input. Residuals, held-out likelihood, semantic coherence
and exclusivity are metrics to evaluate the models and select a topic number in STM. Residuals provide
insights into the deviation between topic estimation and the resulting, estimated words in a document and
the observed words in a document. A low residual value is desired and indicates that the topics provide a
good approximation of the documents. Held-out likelihood shows how well the model predicts words that
were previously removed from documents. Exclusivity describes the uniqueness of terms, while semantic
coherence indicates the consistency of a topic. These metrics must be balanced against each other by the
analyst (Roberts et al. 2019). This means that if a topic has a high number of words that are exclusive to
this topic, the exclusivity of the topic is high. The more common words a topic has, the less exclusive a
topic is. Common words are shared among several topics.

During this thesis, assessing the differences between IPRs and covering the dynamics over time is of
interest. STM enables these analyses and is the main method to analyse textual documents in this thesis. It
is applied in Chapter 4 and Chapter 5. The analyses are based on trademark, patent, and design documents
to cover innovation and diffusion in different innovation areas. Additional information is provided to the
STM to assess the differences between the IPR types, combine the different data sources and cover the
dynamics of innovation. Topic prevalence is the main feature of STM exploited in this thesis. For the
analyses, the following aspects are considered in the STM application:

Dynamics of innovation: Innovation is dynamic, and new innovation topics emerge continuously. This
is, e.g. reflected in regular updates of the patent classifications system to reflect the latest de-
velopments. To reflect this changing dynamic over time, the year of application of the IPRs is
considered in this thesis. This allows for changing topic occurrence in different years. Further, the
topic occurrence is considered non-linear. A topic can thus often occur in the early 1990s, be less
prominent in the 2000s and have a revival in the 2010s. This information is included as a spline
calculation in topic prevalence (s(year)).

Topic differences between IPRs: Patents, trademarks, and designs have different functions in protecting
innovation and diffusion. Patents cover inventions, while designs focus more on design aspects.
Trademarks have a focus on market introduction. This implies that the topics covered by the
different IPRs vary. To assess this and analyse if there is a difference in the topic coverage, the IPR
type of the document is provided to the model (/PR type).

Time-wise differences between IPRs: Patents, trademarks, and designs are filed at different points in
the innovation process. Patents and trademarks can refer to different stages of the innovation process
(Seip et al. 2018). These stages can deviate. This means an invention protected by trademarks and
patents can have different application years depending on the IP right. To capture this aspect, an
interaction between the years and the type of IP right is enabled (s(year) - IPR type).

2.4.3 Data Preparation

LDA and STM require the textual data to be in an analysable form. The approaches use a document-term
matrix for topic estimation. This requires the extraction, preparation and transformation of textual data.
These steps are done the following way:
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Data Extraction: To start with, a sample of textual documents or textual data is chosen. This data is
considered unstructured. A document w is hereby seen as a sequence of N words, also called
terms. A word is a discrete unit from a vocabulary. The information contained in the words of
the document varies: Stop words, which are among others, “and”, “or”, and “we”, or common
words that occur very often in the sample are considered as words without meaning. Other words,
like “guitar” or “electronic”, can provide valuable information. It depends on the context and the
intention of the analysis, which words are considered valuable.

Preprocessing: Taking all unique words from all text documents together constitutes the text corpus for
the data analysis. The information is saved in a document-term-matrix, with documents in the rows,
terms in the columns and the absolute occurrence as the values in the matrix. Since this matrix can
become very large due to many terms and documents being involved, dimensionality reduction,
also called preprocessing, is necessary. Dimensionality reduction reduces the computational power
required by the topic estimation as the size of the matrix is reduced. The matrix size is reduced
by removing words from the text corpus, which reduces the number of columns and by removing
documents, which reduces the number of rows. Removing words might also lead to fewer documents
if these are only focused on some words and are thus empty after cleaning. Preprocessing further
reduces the amount of variation in the corpus.

Different approaches exist to remove words from the matrix. The intention is to keep only
“meaningful” words, whereby “meaningful” is determined based on the context. Term Frequency-
Inverse Document Frequency (TF-IDF) is often applied, which is a technique for normalisation of
the documents. In a text document, a term can occur very often, giving it a high weight. However,
this term does not necessarily contain valuable information, as it might be a widespread term in the
text corpus, thus being contained in most documents. TF-IDF intends to reduce the bias introduced
by words with repeated frequency and, by doing so, should introduce greater stability to the text
and increase the similarity between words.

TF-IDF may be defined as follows:

TF-IDF = TF(z, d) - IDF, 2.1

t denotes the term or word, d the documents. TF(z, d) is then a function of the Term Frequency,
revealing how often a term ¢ occurs in a document d. IDF is the Inverse Document Frequency.
It determines in how many documents a specific term occurs in and can be calculated with
IDF; =1 ognﬂt, where index ¢ denotes the term, N the number of documents in the corpus, and n;
the number of documents with term 7. IDF is used to remove noise by reducing the word weight
of higher-frequency words. Applied in TF-IDF, this thus means that a word which often occurs in
many documents will receive a lower overall weight than words that often occur in only a small
amount of documents (Aggarwal 2015; Aggarwal and Zhai 2012).

Apart from the removal of common words, preprocessing steps include, e.g. the removal of stop
words like “a”, “the” or “you” or stemming that reduces the words to their stem, like “going” to
“g0” (Aggarwal 2015). Further, tokenisation or lemmatising that tries to map words to their basic
form like “went” to “go” can be applied (Allahyari et al. 2017). The unique terms remaining after
preprocessing constitute the final dictionary. The entirety of the documents M that remain in the
preprocessed sample is referred to as text corpus D.

Transformation: To analyse textual data, the data needs to be transformed into a multidimensional
representation. LDA requires a document-term-matrix as an input for the model estimation. The
documents in the matrix are listed in rows, and the terms are in columns. The values of the
individual cells then correspond to the frequency of each term in the respective document. The
unique words across all documents and the words’ frequencies in each document are determined
to get the values of the document-term-matrix. The representation of a text corpus in this way

33



Chapter 2: Foundations

is also called a representation in a Vector Space Model (VSM). Each document can therefore be
represented as a vector consisting of all corpus’ terms, indicating how often each word appears
in that document (Aggarwal 2015; Allahyari et al. 2017). The vector representation can be used
to compare documents. Cosine similarity is a commonly used method for that (Aggarwal 2015),
which compares the direction of two vectors and determines their similarity (Allahyari et al. 2017).

The representation of the text documents in a document-term-matrix in LDA is possible because
LDA does not consider the order of the words, i.e. only the frequency counts. It is therefore also
called a “bag-of-words” concept, which neglects the order of the word sequence (Blei 2012). The
concept can be considered a bag full of words, as the term suggests. Each document has its bag
of words. This bag contains all the document’s words, but the content is chaotic as the words are
in a bag. The original order of the words is not kept, and the words mingle. The assumption
behind this concept is that the word order of texts often does not provide additional information,
and by neglecting it, the analyses of larger data sets become possible. Consequently, a text can be
represented as a list of unique words and their occurrences.

2.5 Conclusion

Innovation is important for economic growth and the welfare of society. Measuring innovation is necessary
for policymakers to understand the impact of innovation and policies. Innovation covers the introduction
of, e.g. new services and products to the market. Without an introduction, only an invention is taking
place. Traditional indicators are based, e.g. patents or R&D expenditures. Patents cover the inventive
step of a technical invention but have shortcomings such as the missing market introduction, the non-
coverage of services or low applicability in low-technology areas. Trademarks are considered to overcome
these limitations. They cover services and require a market introduction. However, they do not require
an inventive step, even though research has shown that they are often introduced with an innovation.
Trademarks also have limitations, such as the missing granularity of the trademark classification system,
making it challenging to perform sophisticated analyses. To provide further detail on innovation and to
be able to combine trademarks with other data sources to cover innovation broadly, the textual data of
trademarks are of main interest in the course of this thesis. This thesis applies Structural Topic Modelling
to combine trademarks with patents and designs and to derive insights into these intellectual property
rights.
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Chapter Abstract

The chapter assesses the current application of textual data in innovation research. 23 articles applying
text analysis in innovation in Business and Economics are selected from Web of Science and Scopus.
A detailed review of these articles follows, addressing the motivation for text analysis, the data sources
used, the methodologies applied, and the research questions answered with textual data and its analysis.
It becomes evident that authors apply text analyses as these enable them to analyse text data and large
data sets and gain objectivity through data-driven results. The methodology can be used for rapid
analyses, uncovering hidden information, and gaining data-based insights. The textual data sources
are still mostly publications and patents, but other data sources are also relevant. The combination of
different data sources is also applied. Most studies focus on clustering techniques for dimensionality
reduction and uncovering topics of interest. Classification is applied to identify, e.g., relevant data sets
or determine the innovativeness of firms. Research questions answered mostly focus on technology
mapping, innovation trajectory and the identification of novel topics. Overall, textual data provide
additional information on the development of innovation. The methodologies and variety of potential
textual data sources provide a large potential for innovation research and can help to gain further insights
and improve existing innovation measures.

KEYWORDS: Textual Data, Text Analysis, Innovation Research, Literature Review
JEL Code: 030
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3.1 Motivation

The amount of data potentially available for innovation research is enormous: Currently, more than 5.4
million utility patents, 4.2 million trademarks and 500 thousand design patents are available for analysis at
the United States Patent and Trademark Office (USPTO) (see Section 2.2). Further, in 2020, more than 2.6
million published articles were available via Web of Science (WoS 2021). Patents and publications are a
major source for innovation research, while trademarks are considered a potential new data source to cover
developments in services or market application (Millot 2009). However, the information available in these
data sources is only partially stored in a way that is easy to analyse. The information is predominantly
stored in texts. To extract the information from them, it is first necessary to transform it into a form
that can be analysed and evaluated. Furthermore, a large amount of data available presents a challenge.
Text analysis is dedicated to these subjects. With new methodologies for the analysis of textual data and
increased computational power, mining this data and gaining insights from textual data becomes more
accessible and interesting for various fields: Within ten years, the number of final publications outside
of computer sciences, engineering and mathematics! in text mining increased from 3,550 (from 2001 to
2010) to 17,739 (from 2011 to 2020) final publications. Thereby, the Social Sciences (18%), Decision
Sciences (14%), Medicine (13%) and Business, Management and Accounting (10%) are the main areas
of text mining publications.?> For example, Tseng et al. (2007) analyse text mining techniques for patent
analyses and show that large data sets can be analysed via automatic procedures that preserve relevant
content-based information in comparison to existing classifications. The techniques can help in several
steps of patent analysis. Also, Antons et al. (2020) enforce that data mining, especially text mining,
can help leverage the potential of hidden knowledge for innovation economics and extend the existing
portfolio of analytical techniques.

Text mining or text analysis techniques are increasingly used. In innovation research, they offer new
insights from traditional data sources like patents or publications, as they might extract further details
besides the existing classifications. The analysis of textual data sources besides the traditional ones might
also be facilitated, as textual data are genuinely available. Different data sources might be combined
textually, which could surface new insights thanks to the combination. As text analysis offers several
opportunities for analysis, this chapter analyses the current state of textual data and its analysis in
innovation research to guide readers upon the application of textual data analysis. Therefore, a literature
search in Web of Science and Scopus in business and economics is conducted to extract a sample of 23
published articles that are analysed in further detail.

The review of the articles focuses on why authors apply textual data analysis, the textual data sources
used, the methodologies applied, and the research questions answered. The review contributes to the
existing literature by providing insights into textual data for innovation research and detailed information
on the articles in the sample. These serve as examples of current text analysis in innovation research. By
doing so, it extends the review of Antons et al. (2020) that provide a general overview of text analysis
in innovation research and aspects that need to be considered but do not provide further detail. In their
assessment of 124 research articles, the authors focus on the major aspects to be observed, such as
the relevant journal outlets and underlying data sources, the underlying topics, general methodological
aspects, and the reporting quality. The authors provide a general overview of the articles authors’ common
keywords and generic topic clusters. The discussion of individual articles remains high due to the number
of underlying research articles. The research questions that were answered and the authors’ reasoning
remain unclear. However, an overview of different articles is necessary to decide upon applying textual
data analysis for own research questions in innovation research. This overview should highlight the
potential areas of textual data, its analysis, and its value-added. The review in this chapter addresses
this need, contributing to an understanding of the current applications of text data analysis in innovation
research.

I'These fields are since 1991 the main three fields of text mining publications.
2Data based on Query B.1).

36



3.2 Methodology

The chapter discloses the methodology and descriptives on the sample in Section 3.2. The review results
are described in Section 3.3. The review closes with the conclusion and discussion in Section 3.4

3.2 Methodology

As a basis for the literature review, the relevant literature on innovation and the use of textual data is
identified first. The selected sample is then examined regarding the authors’ motivation, data source,
applied methodology, and answered research questions.

3.2.1 Data Selection

The data extraction is carried out in the subject areas of business and economics. Business and economics
are considered relevant fields to capture developments in innovation research. The attention of the
overview is not restricted to any specific journals to capture various applications of textual data and its
analysis. This contrasts with Antons et al. (2020) that restrict their data selection to the top innovation,
management and strategy journals. To finally extract and restrict the sample, the following procedure is
chosen:

1. English research articles have been identified based on “text*” and “innov*” in the title or abstract
in the areas of business or economics in the databases of Web of Science (WoS) (Query B.2) and
Scopus (Query B.3). Abstracts with “textile” are excluded, as these introduce too much noise. 250
documents in Web of Science and 789 documents in Scopus are identified. However, an overlap
between the data sources can occur.®> Duplicates are later manually removed.

2. The “author keywords” of all research articles are then extracted and analysed. This leads to
a list of 2,438 author keywords. Each keyword is evaluated individually in terms of using text
data and related methods to produce a list of relevant keywords based on the author’s assessment.
Among others are “text mining”, “text analytics”, “big data”, “sentiment analysis” or “unstructured
data”. The keywords relate to the data structure or means of analysis. The final list comprises 100
keywords (see Table B.1). Keywords that are related to a data source but not explicitly to textual
data, like “Patent”, “Analysis” or very broad words that are also used in other contexts, like ‘“Patent
Analysis”, “Classification” or “Mining”, are not included. A list is provided in Table B.2. The list
of relevant keywords is then used to select the remaining articles for the next step. If the article
contains non-relevant words, it will still be considered as long as it contains at least one relevant
keyword.

3. The abstracts of 171 unique research articles are then assessed to identify the final sample. For
the consideration of an article, a focus on text analysis in combination with innovation must
be observable in the abstract. For this purpose, we reviewed all abstracts and evaluated them
concerning their focus on innovation and text data. In case of ambiguity, the articles’ content was
also considered. The final sample consists of 23 articles (see Table 3.1).

3.2.2 Data Description

The 23 articles were published in 2002 and between 2014 to 2021.* Most articles have been published
since 2014. Only the article of Zhu and Porter (2002) is published in the early 2000s. It is one of
the early attempts to employ keyword-based analysis in innovation research. In absolute numbers, most

3The data extraction was conducted on June 21,2021.
4Note that 2021 is only partially included in the data extraction.
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Table 3.1: Overview of the Sample

Source

Title

Author Keywords

Journals

Antons and Breidbach (2018)

“Big Data, Big Insights?”

big data; research agenda; service innovation; service
design; topic; modeling

Journal of Service Research

Bakhtin et al. (2020)

“The Future of Food Production — a Text-
Mining Approach”

food innovation; agriculture; text mining; genetically
modified; organisms

Technology Analysis and Strategic
Management

Basole et al. (2019)

“Visual Analysis of Venture Similarity in
Entrepreneurial Ecosystems”

ecosystems; entrepreneurship; technological innova-
tion; industries; visualization; economics; cluster
analysis; entrepreneurial ecosystems; strategic posi-
tioning; text analytics; visualization

IEEE Transactions on Engineering
Management

Chiarello et al. (2021)

“Value Creation in Emerging Technolo-
gies through Text Mining”

blockchain; emerging technology; sentiment analysis;
value creation

Technology Analysis and Strategic
Management

Cripps et al. (2020)

“The Use of Twitter for Innovation in
Business Markets”

social media; innovation; twitter; crowdsourcing;
topic modelling; business to business marketing

Marketing Intelligence and Plan-
ning

Curci and Mongeau Ospina
(2016)

“Investigating Biofuels through Network
Analysis”

biofuel; innovation; patent data; topic model; text
mining; network; analysis

Energy Policy

Dahlke et al. (2021)

“Crisis-Driven Innovation and Funda-
mental Human Needs”

content analysis; covid-19; human needs; innovation
systems; topic modeling

Technological Forecasting and So-
cial Change

Feng et al. (2020)

“The Technology Convergence of Electric
Vehicles”

electric vehicle; link prediction; network analysis;
technology convergence; text mining

Journal of Cleaner Production

Fiordelisi et al. (2019)

“Creative Corporate Culture and Innova-
tion”

corporate culture; creative companies; creativity; in-
novation; r&d; textual analysis

Journal of International Financial
Markets Institutions and Money

Kayser (2017)

“Comparing Public and Scientific Dis-
course in the Context of Innovation Sys-
tems”

innovation system; text mining; foresight; media anal-
ysis; publications; analysis; future technology analysis

Technological Forecasting and So-
cial Change

N. Kim et al. (2015)

“Dynamic Patterns of Industry Conver-
gence”

co-occurrence-based analysis; industry convergence;
industry convergence; index; industry convergence
map; unstructured data

Research Policy

J. Kim and C. Lee (2017)

“Novelty-Focused Weak Signal Detection
in Futuristic Data”

weak signal; novelty detection; futuristic data; text
mining; local; outlier factor; signal-portfolio map

Technological Forecasting and So-
cial Change

Kohler et al. (2014)

“Service Innovation Analytics”

innovativeness of firms; machine learning; service in-
novation; service innovation capability; service inno-
vation framework; text documents; text mining; un-
structured data

International Journal of Information
System Modeling and Design

Larsen and Thorsrud (2019)

“The Value of News for Economic Devel-
opments”

news; latent dirichlet allocation (Ida); business cycles

Journal of Econometrics

Mi et al. (2021)

“Forecasting and Evaluating Emerging
Technologies Based on Supply and De-
mand Matching — a Case Study of China’s
Gerontechnology”

emerging technologies; gerontechnology; semantic
analysis; supply and demand matching; technology
forecasting

Technology Analysis and Strategic
Management

Ozcan et al. (2021)

“Social Media Mining for Ideation”

crowdsourcing; decision-making; semi-supervised
learning; support vector machines; sustainability; text
mining

Technovation

Shen et al. (2020)

“Discovering the Potential Opportunities
of Scientific Advancement and Techno-
logical Innovation”

text mining; orclus; cosine similarity of tf-idf vectors;
smart health; monitoring

Technological Forecasting and So-
cial Change

Song et al. (2017)

“Discovering New Technology Opportu-
nities Based on Patents”

new technology ideas; patent analysis; f-term; text-
mining; technology; opportunity

Technovation

B. Wang and Z. Wang (2018)

“Heterogeneity Evaluation of China’s
Provincial Energy Technology Based on
Large-Scale Technical Text Data Mining”

data mining; energy technology; heterogeneity evalu-
ation; large-scale text data; Ida topic model

Journal of Cleaner Production

Wu et al. (2020)

“Screening Patents of ICT in Construc-
tion Using Deep Learning and NLP Tech-
niques”

ict in construction; nlp; deep learning; information
management

Engeineering Construction and Ar-
chitectural Management

Y. Zhang et al. (2019)

“Discovering and Forecasting Interactions
in Big Data Research”

technological evolution; text mining; bibliometrics;
big data

Technological Forecasting and So-
cial Change

Zhou et al. (2020)

“Identifying and Assessing Innovation
Pathways for Emerging Technologies™

altmetrics; bibliometrics; clustering algorithms; gold
nanoparticles; machine learning; principal component
analysis; sentiment analysis; sentiment analysis; tech-
nological innovation; technological innovation path-
ways; text mining

IEEE Transactions on Engineering
Management

Zhu and Porter (2002)

“Automated Extraction and Visualization
of Information for Technological Intelli-
gence and Forecasting”

competitive technological intelligence; technology
forecasting; text; mining; innovation indicators; tech-
nology maps

Technological Forecasting and So-
cial Change

The table offers an overview of the research articles in the final sample, arranged in alphabetical order by
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Figure 3.1: Publishing Journals in the Sample.
The journals in which the articles are published are listed, along with the absolute and relative
numbers of articles in the sample. The relative numbers are expressed as a percentage of the total
sample, for instance, six out of 23 articles, which represents 26%.
Source: Own representation based on the articles in the sample.

articles are published in the year 2020. The articles are published in 13 different journals, which can be
derived from Figure 3.1. “Technological Forecasting and Social Change” is the most prevalent journal,
with six out of 23 articles. It is a journal related to technological forecasting and future studies and
a known innovation policy journal (Elsevier 2023b). In addition, “Technology Analysis and Strategic
Management”, “Technovation”, “IEEE Transaction on Engineering Management” and “Research Policy”
are also known innovation policy journals related to the included articles. All these journals have a
focus on innovation. In total, the innovation-related journals contribute 14 out of 23 articles in the
sample. The “Journal of Econometrics” with one article in the sample, is a methodological journal for
theoretical and applied econometrics (Elsevier 2023a). Apart from these journals, the remaining eight
articles are field-specific and relate to service research, marketing, energy policy, finance, construction,
sustainability, or informatics. In the paper of Antons et al. (2020), the most important journal is also
“Technology Forecasting and Social Change”. However, more applied journals that contain innovation
research and contribute to the field are neglected.

3.3 Literature Review

The review is structured according to the four main fields of interest into four Subsections: First, the
authors’ motivations for using text analysis to measure innovation are discussed (Subsection 3.3.1).
Second, the data sources applied in the sample articles, and the use of these sources is considered (Sub-
section 3.3.2). Third, in Subsection 3.3.3, the authors’ principal methodologies are presented. Finally,
the research questions the authors answer with textual data analyses are revealed. For better understand-
ing, the articles are structured according to their content. Main topics considered are “Identification
of Innovation”, “Technology Discovery and Exploration”, “Industry Patterns and Regions”, “Innovation
Trajectory and Diffusion”, “Emerging or Novel Topics”, “Idea Generation and Extraction”, “Demand
Assessment” and “Prediction Measure”. Further details on the articles and insights described in this
chapter are disclosed in Appendix B.

3.3.1 Reasoning for Textual Data Analysis

This subsection provides an overview of why the sample articles’” authors use textual data and its analysis.
Arguments that the authors explicitly state are mentioned. In addition, the authors’ advantages of text
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analysis are elaborated, particularly concerning the concrete application of text-based analyses to answer
various research interests. The reasons mentioned are categorised into Data, Methodology, Objectives
and Visualisation according to the main field of the reason. For example, if the reasoning relates to the
data, then the reason is assigned to the data category. Objectives cover the main authors’ intentions of the
application of textual data analysis to answer their research questions: For example, eight articles intend
to uncover hidden information through the application of textual data analysis. All reasons are listed in
Table 3.2.

Data: In the data category, the possibilities of analysing large data sets or textual data, as well as the
objectivity of analyses, i.e. data-driven analysis, are stated by a third of the articles as reasons
for using text-based analyses. Furthermore, the possibility of combining different data sources is
listed. In addition, one article each mentions the cost-efficient use of public data and the processing
of all information, which means that a restriction to, for example, only the structured data does not
have to take place.

Methodology: Methodologically, the most important argument is the fast and efficient analysis of textual
data. In this respect, previous methods, such as surveys or manually reading the respective data
sources, take much work. The advantages of direct analysability, repeatability, and reproducibility
are related to this. The data can be evaluated directly without expert involvement. The direct
evaluation and reduction of manual factors also increase the reproducibility of the results.

Objectives: The most important objectives are to uncover hidden information from the data and perform
time-based analyses to discover trends over time. Furthermore, new opportunities for innovations
or emerging themes are to be identified, i.e., themes that will become more relevant in the future
are recognised. Four articles each examine relationships between, for example, topics or firms, use
the text-based methods to divide the information into classes or use the possibility of obtaining
a greater degree of detail and thus a better understanding of the object of investigation through
the text-based methods. Also, the possibilities are used to identify the important information,
distinguish it from the unimportant data, and verify findings obtained elsewhere.

Visualisation: Finally, several articles in the sample use the possibility of visualising the textual data
and the analysis findings.

To summarise, authors value the possibility of efficiently analysing large data sets of textual data. The
focus is mostly on discovering information, trends, opportunities or topics. The textual analysis provides
mostly an overview that allows for further elaborations.

3.3.2 Data Sources Used

Both patents and publications are the most frequently analysed data sources, with 15 out of 23 articles
either using patents, publications or both (Table 3.3).

Patents: In most cases, patents represent the current technological state of development or the techno-
logically available supply. These are usually provided by the United States Patents and Trademarks
Office (USPTO). In addition, patents are obtained from the JPO (Song et al. 2017), which includes
patents from Japan, the global databases Incopat (Mi et al. 2021) and the Derwent Innovation
Index (Feng et al. 2020). Finally, BioPat is used for technology-specific research in the field of
biotechnology (Curci and Mongeau Ospina 2016). Where indicated, 245 to over 41,000 patents
are used as a basis for the analyses.

Publications: Publications are used as a data source to represent progress in the field and the frontier of
knowledge in basic research and emerging topics. Five out of eight articles obtain their publication
data from Web of Science. Scopus is only used once. Furthermore, Cross Ref is used for scientific
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Table 3.2: Overview of Reasons for Textual Data Analysis Application in the Sample
Category Reason No. Articles | Relative No.
Articles
Large Data Set 9 39%
Objectivity 7 30%
Data Enabling Unstructured/ Textual Data || 6 26%
use
Multiple Data Sources 4 17%
Cost-efficient Public Data 1 4%
Full Information use 1 4%
Efficient and Rapid Analyses 7 30%
Methodology Direct An-al'y?ability 4 17%
Reproducibility 3 13%
Repeatability 2 9%
Uncovering Latent/ Hidden Informa- || 8 35%
tion
Time-based/ Trend Analyses 8 35%
Opportunity Detection 6 26%%
Objectives Identification of Emerging Topics 6 26%
Assessment of Relationships 4 17%
Classification 3 13%
Gain Detailed Insights 4 17%
Identification of Relevant Information/ || 3 13%
Noise Reduction
Result Verification 1 4%
Visualisation | Visualisation H 5 22%

The table offers an overview of the reasons for applying textual data analysis within the sample. These reasons
are categorized into four groups. The absolute number represents the count of articles in the sample that
mention each reason. The relative number is expressed as a percentage of the total sample of articles. For
example, nine out of 23, which is 39%, of the articles emphasize the importance of analyzing large data sets.

Source: The sample for this evaluation is provided in Table B.3.
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references (Bakhtin et al. 2020) and INSPEC is used (Zhu and Porter 2002) with a focus on
engineering research.

News Articles: When working with newspapers, no main data source can be identified. The data sources
used range from existing databases to self-crawled data from newspaper pages. The rationale for
using newspaper articles also varies greatly depending on the research focus. The diffusion of
themes (J. Kim and C. Lee 2017) or convergence in industries (N. Kim et al. 2015) can be captured.

Social Media : Chiarello et al. (2021) use Twitter as a knowledge source for innovation, sharing and
crowdsourcing, while Ozcan et al. (2021) gain ideas from tweets related to consumer and product
informations. Zhou et al. (2020) apply Altmetrics as a diffusion measure that provides information
on the impact of research.

Firm documents: Firm documents entail venture descriptions, website information or annual reports
like 10-Ks. These are used to reveal information on the firm like ecosystem information (Basole
et al. 2019), cultural insights (Fiordelisi et al. 2019) or innovation capabilities (Kohler et al. 2014).

Others: Other data sources are, e.g., documents on specific topics to answer the research questions.

Combination: A total of six articles combine several data sources. This often involves comparing two
fields to identify gaps or patterns. The combination of these data sources mainly occurs based on
keywords in each data source and mostly includes patents or publications: Kayser (2017) compares
the word occurrence of publications and news article keywords with pie charts. Mi et al. (2021)
identify areas of insufficient supply by comparing publications and reports on the need of older
people. Semantic correlation is calculated based on the similarity between demand and supply
and words’ frequency. Zhou et al. (2020) construct topics based on publications and evaluates
them with Altmetrics data. The combination of the data occurs based on joined words. J. Kim
and C. Lee (2017) identify novelties by comparison of patents with futuristic data, which contain
information about future trends expected from experts. They calculate the occurrence of words
or documents from the futuristic data set in the patent data set to determine the unrelatedness of
the upcoming topics to the current technological state. Shen et al. (2020) point out where further
technical research or scientific investigation is needed based on patent data and reports on emerging
technologies. Therefore, clusters in each data set are determined before matching the clusters based
on common terms. Apart from a keyword combination, only Bakhtin et al. (2020) apply textual
data analysis to all their data sources jointly, here patents, publications, news articles and others,
before performing further analysis. The authors do not disclose if data source structure differences
are considered during the data preparation.

Patents and publications are still the main data source when it comes to innovation analysis. Other data
sources mainly contribute to public opinion like news articles or provide inside perspectives of firms like
Tweets from firms or firm-specific documents like venture articles or 10-k-filings. When several data
sources are combined, patents or publications are mostly included. Trademarks are missing from the
data sources used in the sample articles and are also not covered by the analysis of Antons et al. (2020).
This might indicate that it is still a small field of research. In terms of innovation data sources, the data
sources have two things in common: they are publicly available and accessible, and the link to innovation
is ensured as the data sources are either related to innovation like patents or publications, venture articles
or innovation project descriptions, their connection to innovation is assessed like in the case of the Tweets
of firms (Chiarello et al. 2021) or focusing more on effects of innovation like diffusion aspects (J. Kim
and C. Lee 2017) or convergence (N. Kim et al. 2015).

3.3.3 Methodological Approaches

The analysed articles apply different methods of text analysis. The methodologies used are provided
in Table B.6. The methodologies are summarised, and the most important ones are presented in this
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Table 3.3: Overview of Data Sources in the Sample

Data Source No. Articles | Relative No.
Articles
Patents 9 39%
Publications 8 34%
News Articles 4 17%
Social Media 3 13%
Firm Documents 3 13%
Others 4 17%
More than one Data Source 6 26%

The table presents an overview of the data sources utilized for textual data within the sample. The relative
shares are expressed as percentages relative to the total number of articles in the sample.
Source: The sample for this evaluation is provided in Table B.4 and in Table B.5.

subsection. As this chapter focuses on analysing textual data in innovation research, all articles in the
sample use a textual data source and analyse it in some form: Basic analyses that are used contain word
counts or simple word co-occurrences. More refined approaches to analyse texts are also applied: Eleven
articles in the sample use clustering algorithms, and three apply classification algorithms to address their
research problem (Table B.6). The results align with the results of Antons et al. (2020), where most
articles apply clustering algorithms rather than classifications.

Data Preparation: Textual data need to be prepared to apply refined text analysis approaches (Allahyari
et al. 2017). A method to do so is the Term Frequency-Inverse Document Frequency (TF-IDF),
which five authors apply as one of their main methods for normalisation (see Basole et al. (2019),
Mi et al. (2021), Ozcan et al. (2021), Shen et al. (2020), and Wu et al. (2020)). TF-IDF should
introduce greater stability to the text and increase word similarity. It determines the frequency of a
word in a document (term frequency) and the word across the documents of a data set (document
frequency). The term frequency is multiplied by the inverse document frequency. As such, the
frequency of words is normalised, reducing the bias introduced by words with repeated frequency
across documents (Aggarwal and Zhai 2012; Aggarwal 2015).

The textual corpus can be represented in a vector space model (VSM) based on word frequency.
Cosine similarity can be used to compare these vectors and determine their similarity (Allahyari
et al. 2017). Cosine similarity uses the angle between two vectors to determine their similarity.
Smaller angles indicate higher similarity between the vectors. The measure is independent of
the length of the vectors (Aggarwal 2015). Authors use this measure to assess the similarity of
entrepreneurial ventures (Basole et al. 2019) and document clusters (Shen et al. 2020), to determine
a connection between documents, here patents, (Curci and Mongeau Ospina 2016), or to assess the
degree of technological overlap (Song et al. 2017).

Clustering: 11 out of 23 articles apply clustering methods. These, for example, summarise data or
identify groups or communities in the data sets (Aggarwal 2015). Y. Zhang et al. (2019) apply
K-means clustering to identify topics and their evolution. K-means clustering use the distance
between data points to create clusters. It starts with randomly selected centres, assigns each data
point to a centre and then iteratively optimises the centres of the cluster until no improvement is
achieved (Aggarwal 2015). The authors apply clustering to articles and measure their similarity
to identify topics. If new articles emerge, their similarity is measured against the existing topics.
If it is similar to existing topics, it is considered state-of-the-art, while the novelty increases with
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increasing distance from existing topics. As such, the approach discovers the evolution of topics
in the context of big data over time (Y. Zhang et al. 2019). Dahlke et al. (2021) apply hierarchical
clustering to group 16 domains into six clusters, while J. Kim and C. Lee (2017) use it to determine
the number of clusters in their data, which is used as input to assign keywords to the clusters.
Hierarchical clustering creates a hierarchical order of the clusters, which can then be exploited
(Allahyari et al. 2017). In the context of innovation research, both articles applied hierarchical
clustering to minimise the number of clusters to be analysed.

The most frequently used approach in the sample for dimensionality reduction is topic modelling:
Eight articles in the sample apply topic modelling. Seven use Latent Dirichlet Allocation (LDA) to
identify underlying topics in the textual data because of its data-driven and time-efficient approach.
LDA was introduced by Blei et al. (2003). The model assumes that each document consists of a topic
mixture that needs to be estimated. It, therefore, uses two distributions: the distribution of topics
over words and the distribution of topics over documents. These distributions are randomly drawn
in the beginning. The distributions are optimised by comparing the estimated word distribution
in the document with the actual occurrence of words in the document. The authors mainly use
LDA to identify topics in their area of research out of large data sets: Antons and Breidbach
(2018) and Chiarello et al. (2021) use LDA on publications. Antons and Breidbach (2018) create a
topic network of service innovation and service design research to highlight linkages and identify
knowledge gaps, while Chiarello et al. (2021) identify nine blockchain issues. Three authors
use patents for topic discovery: Curci and Mongeau Ospina (2016) create a network structure
based on the patents. They then calculate the topics and assign each patent to an identified
biofuel topic to discover shared characteristics among the patents. Feng et al. (2020) identify
promising converging topics in electric vehicle patents based on promising links and B. Wang and
Z. Wang (2018) identify 14 energy technology topics in energy patents. Other textual data used
are innovation projects around Covid-19 to identify innovation domains (Dahlke et al. 2021) and
news articles to assess the explanatory power of their topics on economic fluctuations (Larsen and
Thorsrud 2019). In summary, LDA is used to summarise and extract topics from large data sets in
innovation research. The results are then often analysed qualitatively.

Two articles apply refined versions of the LDA: Cripps et al. (2020) use Structural Topic Modelling
(STM) to identify topics of innovative firms. In STM by Roberts et al. (2013), the estimation
of the distributions can be modified with two different covariates that either affect the topic-
word distribution or the topic-document distribution. In the case of Cripps et al. (2020), the
authors divided their data, Twitter Tweets, into Tweets from firms with and without innovation and
crowdsourcing purposes. This binary information is contributed to the model as a covariate that
influences the topic-document distribution. Including the covariate enables the authors to analyse
the Tweet topics concerning their purpose and identify the topics related to innovation. As the
model enables the analysis of these covariates after topic estimation, the STM is interesting for
studies of these covariates. Another approach is a provincial topic modelling introduced by B.
Wang and Z. Wang (2018) introduce a provincial topic modelling. It is a modified model with
an institution parameter to attain the probability of a topic occurring in a region. It allows the
authors to explore the relationship between energy topics and regional contribution, which helps
to formulate region-specific policy implications.

Classification: Three out of 23 articles address a classification problem. Classification problems address
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specific features of the data set and can be used to label data. They are supervised problems because
the models learn the classification feature based on a training data set. The model then applies the
classification to test data and estimate labels to the data. Classification approaches are considered
more powerful than clustering as the classification is defined externally by the user (Aggarwal 2015).
In the context of innovation research, the classification approaches are used to identify innovative
firms (Kohler et al. 2014), ideas (Ozcan et al. 2021) or relevant patents of a technological field (Wu
et al. 2020).



3.3 Literature Review

Other: Other methods used are e.g. sentiment analyses (Chiarello et al. 2021; Zhou et al. 2020), word
embedding (Bakhtin et al. 2020; Mi et al. 2021) or network graph analyses (Antons and Breidbach
2018; Curci and Mongeau Ospina 2016; Feng et al. 2020).

In the context of innovation measurement, sentiment analysis is used to identify promising topics
which have the best net effect in terms of expert expressions in relation to the evaluated topics
(Zhou et al. 2020) or to identify problems that should be addressed by focusing on sentences with
negative connotation (Chiarello et al. 2021). Sentiment analysis categorises statements into positive
or negative based on the words used (Aggarwal and Zhai 2012). It intends to extract the attitude
or feeling of the writers towards a subject or topic (Liu and L. Zhang 2012). Positive emotions are
associated with words like “well” or “like” while negative emotions are expressed with words like
“bad” or “hate” (Medhat et al. 2014). The two articles mentioned used the extracted opinion for
evaluation.

Mi et al. (2021) use word embeddings to generate word vectors of the patent documents, while
Bakhtin et al. (2020) build the topic-term relation with the approach. Word embeddings consider
the context of words analysed to identify words occurring in a similar context and revealing similar
relations. An example is “Paris” is to “France” like “Berlin” is to “Germany” where the model can
be used to uncover such relationships (Mikolov et al. 2013).

Network graphs are used to identify important topics and measure network density (Antons and
Breidbach 2018), to identify clusters and evolutions over time (Curci and Mongeau Ospina 2016;
Y. Zhang et al. 2019), and to identify convergence (Feng et al. 2020). They are further used for
visualisation of affiliations (Zhu and Porter 2002), country collaborations or citations (Y. Zhang
et al. 2019), and term co-occurrences (Kayser 2017).

Several approaches enable the discovery of subjects in an extensive data set; here, the topic modelling
approaches, word embeddings or network graphs of, e.g. words. Highlighting linkages or identifying
linkages was further of interest, with, for example, linkages of topics, words, documents or patent classes.
The classification approaches help in categorising the data. Most authors combine multiple approaches:
Chiarello et al. (2021) combine sentiment analysis and LDA to identify interesting issues and the topics
among these. Curci and Mongeau Ospina (2016) create a patent network with patents as the nodes that
then are shaped and coloured according to their LDA topic to identify underlying characteristics. The
suitable approach depends on the data analysed and the intention of the analysis. The overview shows that
various methods are used depending on the main intention of the research. The approaches are mainly
qualitative, focusing on discovering topics and linkages.

3.3.4 Analysed Research Questions

Before the content of the work is evaluated in detail, the relevant keywords are identified first. The most
common author keyword in the sample is “text-mining” occurring in ten out of 23 papers (Figure 3.2).
Related to text mining are keywords such as unstructured data or methodological information such as
sentiment analysis, machine learning, big data, bibliometrics or analysis. Innovation and innovation-
related keywords like technology forecasting, technological innovation or service innovation are further
important in the sample.

Subsequently, the articles were structured according to their content focus and categorised accordingly.
The main focus, purpose and contribution, and the articles’ categories, can be seen in Table B.7 and
Table B.8. The largest category is ‘“Technology Discovery and Exploration” with six related articles. All
the other categories contain two to three articles.
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Figure 3.2: Most Frequent Author Keywords in the Sample.
The figure depicts the most frequently occurring keywords within the sample of articles. Only
keywords that appear more than once are shown.
Source: Own representation based on author keywords of the sample.

Identification of Innovation In this category, the authors use different approaches to categorise or
identify data for their innovation measurement: Wu et al. (2020) intend to identify USPTO patents of
information and communication technologies in construction. Because the authors experience a lack
of suitable patent classification and find the keyword-based patent identification insufficient, the authors
train a deep learning model for identification. A relevant set of patent texts are used to train the model and
identify other related patents. The authors show the model’s advantages over other identification strategies
and provide an approach for patent identification in fields without suitable patent classification. Kohler
et al. (2014) classify firms’ innovativeness based on firms’ textual document. The model’s prediction of
the classification is compared to external classifications and provides good results. As such, the authors
distinguish innovative from non-innovative firms. Cripps et al. (2020) apply Structural Topic Modelling
to distinguish between Tweets from innovative firms from non-innovative firms. The authors assess the
behaviour of innovative versus other SMEs on Twitter compared to interview results. They find that the
interview results are verified by textual analysis and confirm that Twitter is used for open innovation and
crowdsourcing. Overall, the authors in this category thus address situations in which the data sources
do not provide an ensured innovation reference, or no delineated data set is available for the research
question.

Technology Discovery and Exploration This category covers articles that intend to discover and
explore the subjects relevant to technological areas. Already in 2002, Zhu and Porter provide a framework
for technology assessment and knowledge generation based on textual data. This automated analysis
generates technology maps and indicators that provide insights on keyword-based hot domains in the
technology, potential growth opportunities, authors, affiliations, and countries involved (Zhu and Porter
2002). Curci and Mongeau Ospina (2016), Antons and Breidbach (2018), Cripps et al. (2020), and
Chiarello et al. (2021) perform technology mapping with the help of topic modelling. Topics in, e.g.
biofuels (Curci and Mongeau Ospina 2016), service innovation research (Antons and Breidbach 2018)
and blockchain (Chiarello et al. 2021) are identified with the application of Latent Dirichlet Allocation
(LDA) by Blei et al. (2003). Curci and Mongeau Ospina (2016) investigate the relevance of different
production paradigms in biofuels. LDA is used for knowledge discovery, while cosine similarity compares
the document vectors. This approach produces a network projection with edges based on similarity and
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nodes based on documents and topics. The projection reveals two main clusters of biofuels, alcohol and
fat based. Chiarello et al. (2021) refined the topic modelling analysis of blockchain to focus on problems
in the field. They included sentiment analysis in the data preparation to keep only sentences with negative
scores. Negative scores stand for negative emotions. The sentiment analysis enables the authors to focus
on problems in blockchain, as problems are associated with negative emotions. Bakhtin et al. (2020)
apply word embedding and Cosine Similarity calculations to identify emerging topics within agriculture
and food production. Relevant terms and their close neighbours are identified and clustered. Possible
future trends can be predicted based on the occurrence frequency and annual term growth rate. The terms
are categorised according to growth leadership, weak signalling, stable and niche areas. The different
approaches enable the discovery of technological trends and developments and allow for the monitoring
of technologies.

Emerging or Novel Topics Two articles focus on the detection of emerging or novel topics: Feng et al.
(2020) explore topics and future trends in electric vehicles. To identify future trends, the authors perform
a link prediction and identify promising converging relationships of IPCs. Therefore, IPC co-occurrences
in patents are analysed, and the ones with the largest growth are identified. Patents with these promising
co-occurrences are then extracted and explored via LDA. J. Kim and C. Lee (2017) also use patent data
but consider it to represent the current state. Their goal is the identification of weak signals, as these
are considered early indicators of future change. The potential signals are extracted from futuristic data,
which are data about the future of technologies. Information novelty is measured with rarity in the data
and unrelatedness from the existing knowledge base. The resulting signals are categorised into strong,
stagnant weak and feeling signals, depending on their rarity and unrelatedness measure. In the case of
augmented reality, weak signals relate to the application in gaming or maintenance but also to identity
thefts or increased transparency and reputation impact due to real-time information on, e.g., restaurants.

Innovation Trajectory and Diffusion Zhou et al. (2020) and Y. Zhang et al. (2019) choose different
ways to analyse the innovation trajectory. Zhou et al. (2020) identify 21 promising topics in gold
nanoparticles and use sentiment analysis to evaluate their future potential. The relationship between
topics, their ancestors and predecessors are then determined based on the main subject and object of
the topics. Combined, the evolutionary path of the technology can be mapped. The market potential is
finally judged based on scholarly activities, commentaries, and related social activities to reflect the need
to attract society’s attention for technological success. Y. Zhang et al. (2019) first visualise Big Data
research with the journal citation maps, term-correlation maps, organisation collaboration and countries
involved. They then determine the scientific evolutionary pathway. K-means is used to determine the
initial topics in the first period. In subsequent periods, the similarity of the new articles to the identified
topics is determined and, depending on the deviation from existing topics, considered state-of-the-art,
evolutionary or novel. With the popularity of Big Data, already existing topics, such as “unstructured
data”, “predictive models” or “machine learning”, have been revisited. Kayser (2017)’s analyses focus
on the diffusion of innovation. Comparably to Zhou et al. (2020), public perception is used to measure
diffusion based on the media discourses. The authors compare publication abstracts and news article
terms in three case studies. Pie bubble analyses illustrate the term use per data set (Kayser 2017). Overall,
the authors identify a starting point of an innovation or topic area and project or identify the trajectory or
diffusion.

Idea Generation and Extraction Link detection can further be used to identify innovation opportu-
nities. Textual data of technology, measured via patents, and state of scientific research, measured via
publications, is therefore represented in a Vector Space Model. The evolving topical clusters in tech-
nology and science can be compared via the cosine similarity of the vectors. This reveals connections
between the fields, and missing links become obvious. Addressing these links can be an opportunity for
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further research or innovation (Shen et al. 2020). Song et al. (2017) generate new ideas by transferring
technological components from one technology to another. The authors start by defining a target technol-
ogy. Based on the target technology keywords, possible reference technologies are identified using cosine
similarity and selected based on their similarity or growth potential. The components of the reference
technology are then extracted and compared to the actual components of the target technology. This
comparison can reveal gaps and provide opportunities for new ideas by transferring components already
used in the reference technology to the target technologies. The field of automotive braking systems in
combination with ICT implies, e.g. the detection of signal phases or the application of time-division
transmission for noise reduction. Twitter also serves as a data source for new ideas: Ozcan et al. (2021)
extract Tweets related to sustainability and idea. To only focus on Tweets with new ideas, the data is then
labelled and classified as an idea or non-idea with the help of classification approaches. The final ideas
are grouped into sustainable production, education, packaging, and energy.

Demand Assessment In this category, the authors analyse if existing demands are met by new inno-
vations: Dahlke et al. (2021) examine how innovations that have emerged in the context of the Covid-19
pandemic address people’s needs. 707 crowdsourced innovations are assigned to 16 innovation domains
using LDA for topic modelling. The authors find that new innovations are meeting emerging human
needs: For example, the high need for medical and protective equipment at the beginning of the pan-
demic situation decreased, indicating that the need was met by innovation. Further, the increasing need
for virtual space for interaction is met by firms preparing long-term solutions. Mi et al. (2021) match
technological demand and supply in China’s gerontechnology field. Technological demand is extracted
based on surveys and reports on the ageing population. Patents about technology demand and old age
provide the supply perspective. A semantic correlation of demand and supply is used to extract the
saturation intensity. Undersaturated technologies show a higher demand level than the provided supply
level, implying that further development is needed.

Industry Patterns and Regions Different approaches are possible to capture industry patterns and
regional aspects. N. Kim et al. (2015) measure within and between industry convergence based on
firms’ co-occurrence in news articles. The link of firms to industries is performed via their industry
classification. Out of firm co-occurrences, industry pairs are gained, which can be mapped and positioned
in a 2-dimensional space. Finally, the authors find that within-industry convergence is greater than
between-industry convergence. Overall, an increase in convergence is observable. However, the pattern
is dynamic as some industries converge while others do not. Basole et al. (2019) map the ecosystem
of entrepreneurs to provide a granular view of the ecosystem. The position within the ecosystem is
determined based on the cosine similarity of firms’ position statements. After that, communities are
automatically detected and described with their TF-IDF keywords. The proposed approach enables an
endogenous, data-driven clustering that reveals patterns besides the traditional industry systematics.

Finally, B. Wang and Z. Wang (2018) analyse China’s energy technology development with LDA and a
provincial topic modelling: 14 topics cover the main categories of energy savings, emission reduction
and household energy in different provinces of China. The similarity in topic coverage is compared to
provide regional policy recommendations.

Prediction Measure Fiordelisi et al. (2019) use textual analysis to determine the creativeness of com-
pany cultures based on words used in firm documents. This indicator is then used in regression analyses
to assess the impact of company culture on innovation output. Based on the regression results, the au-
thors conclude that creativity-fostering culture has a positive impact on successful innovation outcomes.
Larsen and Thorsrud (2019) build an indicator based on LDA-extracted news articles topics and assess
the predictive power of these news topics in regression analyses. Even though some topics are noise,
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many are considered relevant for predicting output growth and consumption. The authors thus conclude
that news articles have predictive power for the economic outcome.

To conclude, the research questions answered often generate an overview of the current state of tech-
nologies, emerging areas or innovation trajectories. Some authors try to generate or extract new ideas or
identify unmet demands. Different authors tackle the positioning of industries, firms or regions. Most
of these approaches are exploratory. Only two authors combine the insights from textual data analysis in
regression models to generate predictive measures.

3.4 Discussion and Conclusion

In the chapter, a detailed analysis of 23 articles is performed in the context of textual data and innovation
research. “Technological Forecasting and Social Change” or other relevant innovation policy journals
published most of these articles. However, a third of the articles are published in a specific field in which
the innovation analyses are performed. The articles apply the analysis of textual data as this enables
them to analyse large data sets data-driven. Text analysis methods enable rapid, time-efficient analysis.
The authors perform time-based analyses, detect opportunities, or uncover hidden information. For their
analyses, primarily patent data and publications are used. However, other data sources are also relevant,
especially news articles, social media or firm documents. Six articles combine several data sources to
address their research questions, including insights about, e.g., firm culture, customer feedback, and
public reaction in innovation analyses. Many authors address their research questions with advanced
methods of textual data analysis. Eleven articles use clustering algorithms, and, especially LDA. Three
apply classification methodologies. While authors use classifications to identify ideas or innovative
firms, clustering is more exploratory and used to identify topics and opportunities in the text corpus. The
research questions answered by the articles in the sample are various. One of the main research areas
addressed is discovering and exploring technologies, mostly based on topic modelling. Further areas of
interest are industry convergence and regions, innovation trajectory and diffusion, and the emergence of
novel topics or idea generation. Text analysis is also used to assess technologies’ supply and demand and
extract features for predictive models.

The reasons for applying textual data analysis are still primarily based on the large data to be analysed, the
rapid analysis and the data-driven approach. Repeatability and reproducibility are also highlighted. The
argumentation is often on cost and time. Only some authors compare their results from textual data to
insights from interviews (Cripps et al. 2020) or external classifications (Kohler et al. 2014) for validation
and, as such, show that their approach works and surpass traditional approaches. The discussion on when
textual data add value to the discussions is an ongoing subject to address. For us, textual data is interesting
in areas where common structured data reach their limits. Limits are, for example, no or insufficient
classifications for data identification, the missing structure of the data to be analysed or insufficient data
coverage in common data sources.

Even though textual data analysis allows the exploration of data sources besides patents and publications,
most articles in the sample still focus on these. Trademarks, however, are not covered by this review
and are also not part of the 124 articles analysed by Antons et al. (2020). Based on this, it can be
said that the textual data of trademarks is not yet among the standard data sources of text analysis in
innovation research, even though they hold a potential for measuring services or market-related innovation
(Millot 2009). Here, two things can be considered: New opportunities in standard data sources and new
opportunities in new data sources. Patents and publications are established data sources for innovation
studies. Studies focusing on these data sources tried to extract new insights from these already well-
studied data sources. They combined structured data like classification classes and unstructured data
like keywords (see (Song et al. 2017)) or compared them on a more detailed level than formerly possible
(see (Shen et al. 2020)). Studies outside of these data sources need to ensure the linkage of the data
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to innovation, which can be challenging. Identifying innovation and classification approaches were
addressed in this overview. Authors tried different approaches to address this challenge, which allowed
them to distinguish and analyse different data points. The innovation linkage still also remains a challenge
in trademarks. Further, the authors solved this by combining new data sources with patents or publications.
Patents or publications then still provided the state-of-the-art innovation perspective while the new data
sources amended additional information. The additional data source should add something to the current
discussion that is not otherwise covered and unique for the data source. For example, Fiordelisi et al.
(2019) extracted the firm culture, or news articles are used to extract the public opinion. Interesting
are combined approaches, where expert knowledge is used to generate further insights: For example,
Zhou et al. (2020) use expert expressions for topic evaluation. Further, the classification approaches also
require expert knowledge to generate the training data.

Method-wise, clustering and LDA were often applied, especially for discovering and exploring technolo-
gies. These are data-driven approaches and do not require expert knowledge for topic extraction. Besides
LDA, a large variety of different methods was applied. Authors further combined different approaches to
answering their research questions and account for the problems at hand. This resembles the complexity
of textual data and the wide variety of questions to be addressed. However, a standard approach that
should be used for specific problems has yet to be established. This would improve the comparability of
results.

The studies were still mainly explorative and qualitative, which aligns with the focus on more explorative
clustering methods. The studies provided, for example, a general overview of the current state of
technology. This is quick and repeatable with the approaches. The insights gained can then be used
in further studies. Some authors tried to, for example, predict links to transfer the current state of one
technology to another (see Song et al. (2017)) or use insights from textual data to predict the economic
situation (see Larsen and Thorsrud (2019)). However, these are still the minority of the applications of
textual data analysis. In particular, text analyses often stand on their own and are not incorporated into
existing modelling concepts as in Song et al. (2017) or Fiordelisi et al. (2019). However, a common use
should be aimed at in order to use the capabilities of all approaches optimally.

The chapter contributes to understanding the current state of textual data analysis in innovation research.
It provides the authors’ reasons for the analysis of textual data and the application of text analysis, displays
the data sources available and considered, the methodologies applied and, most importantly, highlights
the areas of innovation research in which text analysis is currently used. The methodologies available for
text analysis will improve further. Data sources formerly not possible will become interesting research
outlets. The research in the sample articles was still primarily exploratory and descriptive. Further
research needs to be done to include the insights gained from text analysis into economic indicators
and models. Further research is also necessary on integrating textual data of trademarks in innovation
research. Also, combining different textual data sources and approaches needs further refinement. So
far, existing approaches and text analysis still stand separately next to each other.

Text analysis has its strengths, mainly because it opens up textual data for analysis. However, text analysis is
not better than existing approaches. It mainly addresses other questions and has other fields of application.
Ideally, text analysis methods expand the standard repertoire of analyses and, thus, of questions that can
be answered and data that can be analysed. A case-by-case consideration is necessary, considering the
advantages and disadvantages of the approaches. The different methods are then combined and used
depending on the question. Overall, the overview helps to understand the current use of textual data
and the possibilities its analyses bring to innovation research. As such, it can serve as an inspiration for
further text-based analyses. We encourage the consideration of textual data to answer innovation-related
questions.
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4 Innovative Activities Captured through Semantic
Analysis of Patents and Trademarks.

Chapter Abstract

The chapter analyses patent and trademark textual data for innovation research. It thereby focuses on
two main questions: Can patents and trademarks be combined based on their textual data, and does
the combination add new insights to the innovation discussion? Therefore, the textual data of patents
and trademarks are combined via Structural Topic Modelling in Robotics and Footwear. The analysis
first focuses on the consistency of the text-based combination before analysing the results regarding
innovation in general and specifically for the product, market, service, and technical innovation to
assess additional insights from the combination. The analysis reveals that the textual combination is
possible and that trademarks contribute a service and application perspective. However, trademarks’
textual structure differs depending on the innovation field covered, influencing the possibility of textually
combining patents and trademarks.

KEYWORDS: Innovation, Intellectual Property Rights (IPR), Patents, Trademarks, Unsuper-
vised Machine Learning, Structural Topic Model (STM), Text Mining
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4.1 Motivation

Dziallas and Blind (2019) review the indicators used in the literature to measure innovation. They
find patents are a standard measure for product innovations or innovation in the product concept phase.
Patents protect inventions, not innovations, meaning they have an inventive step but not necessarily a
market introduction. Moreover, not all inventions are protected by patents or protectable by patents
(Basberg 1987). According to the United Patent and Trademark Office (USPTO), a patentable invention
requires a technical or industrial process, a machine, a manufactured article or a composition of matter
such as chemical compositions (USPTO 2017; USPTO 2015). However, innovation entails more than
just technical innovations. According to the definition of OECD and Eurostat (2018), innovation requires
a significant improvement in the firm’s status quo of a good, a service, a knowledge-intensive offering, or
a business process in areas such as production, marketing and sales, or information and communication
systems. Innovation is, therefore, not limited to technical areas but is more broadly defined. Nevertheless,
services are only patentable in the case of technical components of the invented product.

Millot (2009), Mendonga et al. (2004), and S. J. H. Graham and Hancock (2014) suggest the use of
trademarks as an alternative intellectual property-based innovation measure to capture service, business
process or marketing innovation in addition to technical product innovation. Trademarks can capture
non-technological inventions, intangibles and services, commercialised inventions, and new inventions
to the firm or sector. They are systematically collected, classified, and disaggregated for different levels
(Flikkema et al. 2015). Trademarks are brands used for product or service identification and differentiation
(S. J. H. Graham et al. 2013; Millot 2009). Their application has increased over the years (Myers 2013)
and so has their importance as a basis for innovation measurements. Compared to patents, a trademark
application requires its use but is not inspected for its inventive step, so the relation to innovation is
not ensured. Therefore, researchers like Flikkema et al. (2015) and Castaldi and Dosso (2018) conduct
surveys of firms to capture the innovative value of trademarks or select innovative firms to measure their
use of trademarks or patents. In joint analyses of trademarks and patents, authors often consider whether
the firms use trademarks and patents separately or together (Llerena and Millot 2020; Grazzi et al. 2019;
Thomi and Bizer 2013). The possibilities to analyse trademarks are, however, limited. The trademark
system does not provide a similarly sophisticated classification system with a high level of detail as the
patent system does. The trademark classification system is a limitation to be considered for analyses of
innovation.

Trademarks and patents thus have their strength and also their shortcomings. Trademarks can capture
non-technical and other types of innovation and ensure market introduction, while patents provide an
invention perspective. Combining these data sources could bring interesting new insights into innovation.
Malmberg (2005) suggests using patents and trademarks to capture innovation activities. Ribeiro et al.
(2022) find that this joint analysis contributes across sectors, but it is especially of interest in sectors with
low patentability, like non-technological sectors. Different approaches exist to combine the data sources:
Flikkema et al. (2015) use the same legal entity to identify joint trademark and patent applications.
Flikkema et al. (2014) approach trademarking firms to analyse their innovation protection strategies
and identify protection with other intellectual property rights (IPRs). Combining the data sources via
industry-level concordance tables is also possible. A less explored option is the use of textual data to
extract detailed insights from the data sources. Textual data can provide detailed information, but the
analysis of this data is not yet part of the standard analyses (Antons et al. 2020). Using textual data
also enables the combination of different data sources via their texts: Bakhtin et al. (2020) combine data
sources such as patents, publications or news articles via their sentences to perform joint analyses. J. Kim
and C. Lee (2017) and Shen et al. (2020) identify future areas of development based on the comparison
of patents with other data sources. Thereby, each data source contributes different information to address
the research problem. In Chapter 3, many authors value the possibilities of text analyses to detect
opportunities and uncover hidden information. In the context of trademarks and patents, for example,
H. Kim et al. (2017) combine patents and trademarks based on shared keywords to identify potential
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areas for diversification, while M. Lee and S. Lee (2017) compare the technological knowledge of firms
extracted from patents with the market positioning of competitors from trademarks. However, these
text-based approaches mainly focus on keywords. More sophisticated methods to combine patents and
trademarks on a detailed level could thus provide further information on innovation, including inventions
and their diffusion. Yet, the review of Castaldi (2020) reveals that the available trademark information is
only partially used. Analyses still focus on the structured information of a trademark, such as the year of
filing, NICE class application or ownership. The potential of unstructured, textual information remains
largely untapped.

In this chapter, patents and trademarks are therefore combined based on their textual data for various
reasons:

e The combination of patents and trademarks might help overcome the limitations of each data
source, e.g., the missing link to services, low technologies and diffusion in patents or the uncertain
link to inventions in trademarks. The textual data of each data source might further enable the
combination of patents and trademarks on a detailed level, independent of existing classifications
and concordances. The chapter investigates if this combination on a detailed level is possible.

* The combined textual data set might cover the innovation area under study more comprehensively,
allowing trends or insights to be captured more holistically. This chapter, therefore, investigates if
the textual data of the data sources add to the innovation discussion. It therefore analysis if insights
from previous studies on trademark and patent use can equally be reproduced based on the textual
information provided in trademark and patent documents. The literature provides conclusions
concerning the coverage of innovation in general and specifically for product, market, service, and
technical innovations for patents and trademarks. These assumptions are expected to be transferable
to textual data of patents and trademarks.

Structural Topic Modelling (STM) of Roberts et al. (2013) provides a convenient means to combine
these two data sources. STM identifies the underlying topics in a set of documents. It further allows to
differentiate between different features, here aspects of patents and trademarks, which can then be used
for investigation. In this chapter, these features are then used to ask whether combining trademarks and
patents is plausible and comprehensive, whether trademarks do in fact relate to innovation and whether
the combination of patents and trademarks provide deeper information useful in considering market,
service and technological aspects of innovation. The analysis is performed for the innovation areas of
Robotics and Footwear. The combined results are synthesised to reject or support the assumptions.

The chapter offers the first in-depth description of the textual combination of patents and trademarks via
their textual data. The combination of the data sources is mainly plausible. Further insights are gained
on the textual differences between trademarks and patents and trademarks themselves. The topic-wise
analysis of patents and trademarks highlights the market introduction of the patent-protected inventions.
In conclusion, textual data of patents and trademarks provide the opportunity to combine the data sources
on a detailed level and to provide further information on the innovation area and an overall broader
perspective on innovation through better coverage of technical and service aspects. The combination can
be used especially for studies where the market or service aspect of innovations is of interest or patents
have known limitations. Overall, the chapter contributes to a better understanding of textual data of
trademarks in the context of innovation.

The chapter is organised as follows: The theoretical background of trademark-innovation studies is given
in Section 4.2. Section 4.3 describes the data sets and the methodology. The results are presented in
Section 4.4 and Section 4.5 and synthesised in Section 4.6. Limitations of the research are revealed. The
chapter concludes in Section 4.7.
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4.2 Trademarking Literature

According to the USPTO (2020b, p.2) a trademark is “a word, phrase, symbol, or design, or a combination
thereof, that identifies and distinguishes the source of the goods of one party from those of others.” The
same condition applies to the definition of service marks. Trade- and service marks enable customers to
attribute goods or services to their origin. In contrast to patents, an inventive step is not required, but the
use of the trademark in the marketplace is required. The market application and diffusion aspects make
trademarks interesting for innovation research.

Trademark-Innovation Linkage As trademarks are not assessed for their inventive steps, several re-
searchers try to establish whether there is a link between innovation and trademarking: Potepa and Welch
(2018) show that patent announcements or trademark counts provide consistent and robust results to
serve as proxies for a firm’s innovation value. Flikkema et al. (2014) analyse 660 surveys of Benelux
SME:s to explore the reference of trademarks to innovations. They find that 58% of trademarks link to a
product, process, or service innovation. 33% of the overall trademarks refer to product innovation, 28%
to process innovation and 35% to service innovation. In the case of new products, 25% are protected
by patents and trademarks, while patents and trademarks simultaneously protect only 3% of the service
innovations. Combined with additional intellectual property rights (IPRs), it becomes evident that IPRs
other than trademarks cover 44% of product innovations but only 27% of service innovations. The survey
of J. H. Block et al. (2015) among 600 mainly U.S. SMEs reveals mixed results regarding the objectives to
trademark: According to the study, manufacturing firms use trademarking to distinguish from competitors
but protect their inventions with other mechanisms. Service firms combine the protection, marketing and
exchange objectives, primarily since trademarks serve as the most crucial IP right in services (J. H. Block
et al. 2015). Young, small firms with high R&D spending combine formal (e.g., patent, trademarks, de-
signs) and informal (e.g., secrecy) IP mechanisms to protect their innovations (Veugelers and Schneider
2018). In the knowledge-intensive business service sector, the likelihood of trademark registrations is
significant for product-related services. Trademark registrations further link to successful innovation,
especially in the case of product innovations (Gotsch and Hipp 2012). Gotsch and Hipp (2012) conclude
that trademarks can serve as an innovation indicator that provides a market-based perspective due to
their market application. Flikkema et al. (2019) conducted an online survey among applicants of the
European Community or Benelux trademarks to find innovation and non-innovation-related trademark
properties. Based on their observations, they conclude that 1) new trademarks protect goods innovations
more frequently than service innovations, 2) the first trademark for start-ups or brand creation is more
likely to stand for goods innovations than the first trademark of mature firms, 3) trademarks with a
broader geographical coverage are less likely to be related to service innovations, and 4) trademarks with
a narrower scope of protection are more likely to be related to goods innovations. In conclusion, there
is strong evidence that trademarks are linked to innovation even though no checking of the inventive
step occurs during the registration process. This fact makes this data source especially interesting for
innovation research. As trademark applications link to the introduction of innovation, the trademark
textual data could further reveal information on the current state of the diffusion.

Trademarks and Patents Trademarks and patents are used differently by firms and for research studies:
According to Flikkema et al. (2015), combining trademarks with other data like patent data can enhance
the insights gained on trademarking. The authors survey to investigate the complementarity of trademark
and patent information and the trademark-innovation linkage. In the survey, trademarks relate to patented
and unpatented innovation. For example, the authors find that trademarks filed to create or extend brands
capture innovations that are 80% not covered by patents. The combined use changes depending on the
service or manufacturing background of the applicant. Grazzi et al. (2019) consider the impact of Italian
manufacturing firms’ trademark and patent portfolios on their performance. The analyses reveal a positive
relationship between IP registration to firm performance measures. In the model of Llerena and Millot
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(2020), the incentives of firms to hold all combinations of patents or trademarks are analysed. The model
assumes a duopoly situation in which firms can use trademarks or patents individually, jointly, or not
at all as a protection mechanism. The model reveals that high advertisement depreciation rates lead to
patent or trademark substitution, while high potential advertising spillovers imply complementary use of
the IPRs.

Overall it can be said that in joint analyses of patents and trademarks, patents often stand for innovation
(Flikkema et al. 2015), technology (Bei 2019) or technological capabilities (Nam and Barnett 2011;
Castaldi and Dosso 2018). In contrast, trademarks stand for complementary assets (Bei 2019), market
capabilities (Castaldi and Dosso 2018), or commercialisation (Nam and Barnett 2011). While patents
are applied more by high-tech manufacturing or large, mature firms, trademarks are applied in low-tech
manufacturing and services (Castaldi 2020).

Textual Data of Trademarks In trademark studies, textual data of trademarks are mainly not utilised:
Castaldi (2020) compares trademarks to patents in detail with regard to organisational assets, market
strategies or capabilities. The author finds that regarding trademark information used, most studies focus
on the number of trademarks, stock information, and first filings in NICE classes or countries. Most
studies still focus on whether firms use trademarks and patents separately or together (Grazzi et al. 2019;
Llerena and Millot 2020; Thomi and Bizer 2013). One criticism that can be made is that the simultaneous
filing of a patent or trademark application by the same firm only sometimes means that the protection
covers the same subject matter. Further, the level of detail available with conventional combination
methods, such as through concordance statistics, needs to be improved. These problems could be avoided
through the use of textual data.

First attempts of textual data use in trademarks are performed by Semadeni (2006), Semadeni and
Anderson (2010), and Flikkema et al. (2019). The mark name, together with NICE coverage, is used
by Flikkema et al. (2019) to derive brand strategies of creation, extension or modernisation based on
the similarity between different marks. Semadeni (2006) and Semadeni and Anderson (2010) use words
of trademark descriptions. Semadeni (2006) analyses the positioning of firms relative to other firms
based on their wording in trademark applications. The results suggest that firms need to balance their
positioning: Firms might locate their services close to each other with a large textual overlap in their
marks to increase legitimacy, decrease uncertainty or seek spillover benefits. Firms position themselves
at a distance to reduce competition overlap and differentiate themselves. Hereby, small firms try to benefit
from a near position of their services to others. As firms grow larger, a higher distance is intended to
differentiate from competitors. In Semadeni and Anderson (2010), the authors assess the likelihood of
imitation in service offerings. The imitation variable is calculated based on trademark descriptions. The
trademark description-based indicator reveals that the more radical an innovation is, the less likely it is to
be imitated. This is due to the inherent uncertainty of innovation. However, with an increasing reputation
of the firm introducing the new service offering, the imitation likelihood increases.

M. Lee and S. Lee (2017) and H. Kim et al. (2017) display first attempts to combine patents and
trademarks based on their textual data: M. Lee and S. Lee (2017) analyse how competitors with similar
technological knowledge position themselves in the market. Patents display technological knowledge,
while trademark NICE classes are used for business area identification. After the market opportunities
have been identified, text mining is applied to the trademark descriptions to obtain further details on
the competitor’s market positioning. H. Kim et al. (2017) further enhance the analyses. They measure
concentric diversification to define how firms diversify with new products or services. The authors
use USPTO patents and trademarks to build a technology-product matrix. For semiconductors, they
extract potential products from the trademark textual information and match these with patent titles.
Their approach reveals potential diversification paths based on the firm’s current state of technological
knowledge.
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Overall, there are first approaches to analysing textual data of trademarks and their combination with
patents. However, there needs to be a more detailed analysis of trademark texts in the context of
innovation measurement to understand the contribution of trademarks. In the joint analysis with patents,
the mentioned studies’ focus is on the market application of innovations covered in patents and not on
which innovations trademarks contribute. In addition, the combinations are currently only based on
individual words. Using larger text parts could lead to the capture of new subjects. To better understand
the development of technologies and innovation, a higher level of detail is of interest.

Based on the literature review, in total, four main underlying conclusions concerning trademarks and
patents can be drawn from the literature:

1. Trademarks capture innovation.

2. Trademarks have, in comparison to patents, their strengths in market and product-related areas.
3. Services are covered more in trademarks than in patents.

4. Patents cover technical innovations and do this more than trademarks.

These conclusions are mostly based on non-textual data. However, textual data may not contain any further
information on these conclusions, and knowledge cannot be gained on this based on text. Therefore, this
chapter discusses whether the textual combination of patents and trademarks contributes to innovation
research. Prior to this question, however, is whether patents and trademarks can be combined at all on a
detailed level. Therefore, the following two research questions arise:

RQ4.1: Can trademarks and patents be combined via their textual data on a detailed level?

RQ4.2: Does the textual combination of trademarks and patents add new insights to the discussion of
innovation?

The insights contribute to a better understanding of textual data of trademarks and patents. They are mainly
interesting for analysis where trademarks could bring additional insights due to low patent coverage.

4.3 Methodology and Data

The research questions are examined in this chapter based on the textual data of patents and trademarks.
The textual data of patents and trademarks are combined via Structural Topic Modelling (STM) of Roberts
et al. (2019), which is an approach to extract topics out of textual data. The topics are analysed regarding
patents and trademarks, plausibility and their coverage of the assumptions described in the literature
overview (see Section 4.2). The textual data is extracted for two research areas, Robotics and Footwear,
to derive differences between different application areas. The methodology applied in this chapter is
described in Subsection 4.3.1. The application areas of Robotics and Footwear are then shortly described
in Subsection 4.3.2, before explaining in detail the data extraction in Subsection 4.3.3 and model selection
Subsection 4.3.4.

4.3.1 Methodology

To answer the research questions, it is necessary first to combine the data of the two sources on a
detailed level and then analyse the results in terms of plausibility and consistency, and with regard to
the assumptions drawn from the literature. Thus, topics that occur in trademarks and patents should be
derived. Structural Topic Modelling (STM) of Roberts et al. (2019) combines the data sources and derives
these topics. It combines the different data sources on a topic level, meaning the model estimates topics
in the sample and assigns the documents to these topics. The topics are used to assess the plausibility
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of the combination of patents and trademarks. They further serve as a basis for analysing innovation
in trademarks and the differences between patents and trademarks in services, market, technology and
product aspects.

Structural Topic Modelling STM of Roberts et al. (2019) is a machine learning model used to estimate
topics in documents under the consideration of additional information. The topics are not directly
observable in the textual documents. They are considered hidden and therefore need to be estimated.
Each document is a collection of words that belong to several topics. The semantic structure is not taken
into account. The words are observable and can be used for the estimation. The general assumption is
that every document consists of various topics. For example, a Robotics document could be about surgery
robotics, covering robotic components (topic 1) and surgery (topic 2). For the model to identify these
two topics in the document, it is necessary to estimate them.

Each topic is represented by a collection of words that occurs in the documents and is observable. In the
robotics example, the document could contain, for example, the words “axis”, “arm”, “rotation”, “tissue”,
“skin”, “blood”, and “endoscopy”’, among others. The model would then start with estimating the topics
and then assign the words to the topics. Here, topic 1 robotic component would cover “axis”, “arm”,
and “rotation”, and topic 2 surgery “tissue”, “skin”, “blood”, and “‘endoscopy”’. For the topic estimation,
it is important to note that in STM, topics are considered correlated and not independent. This implies
that if three topics exist, like robotic components, surgery and shoes, the model would consider the co-
occurrence of robotic components and surgery more likely than the co-occurrence of robotic components

and shoes.

Out of the topic estimations and the word assignment, the model assigns words and topics to the documents
and compares the assigned words with the observable words in the documents provided as input. In STM,
the documents are thus considered a result of a generative process with estimated topics and assigned
words (Blei 2012). A difficulty in topic modelling is that the model requires the total number of topics
K occurring in the data set as input. The model cannot estimate that number by itself. It uses that
information to estimate the topics, the word assignment and the document distribution. However, the
number of topics is dependent on the data set. Therefore, different approaches exist to determine the
number of topics to be considered. As a good number of K is not known in advance, several models with
varying K need to be calculated (Roberts et al. 2014; Roberts et al. 2019). Standard metrics to evaluate
the models are:

Residuals provide insights into how well the topics represent the texts based on the distance between the
estimated document-word occurrence and the observed document-word occurrence. A low value
indicates a good approximation of the documents (Roberts et al. 2019).

Exclusivity indicates whether the words describing the topic are unique to the topic or are commonly
found in other topics (Roberts et al. 2019).

Semantic Coherence addresses the internal consistency of a topic. It is high when the words in a topic
frequently co-occur (Roberts et al. 2019).

Held-out Likelihood provides information on the model’s predictive ability, meaning how well the model
predicts previously removed words from the documents (Roberts et al. 2019).

A low value of residuals is desirable while maximising the exclusivity and coherence of the resulting
topics. Exclusivity and coherence are opposing metrics that must be balanced against each other (Roberts
etal. 2019). As input, STM not only uses the document information and the number of topics but can also
handle additional information provided to the model. This additional information can have two effects:

Topic prevalence affects the topic occurrence in the document and allows for differences between
different document types (Roberts et al. 2019). This means that, for example, the information about
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the IPR type of the document, here patents or trademarks, allows the model to assign a higher
probability of occurrence of a robotic component topic to patents than to trademarks.

Topical content affects the word assignment in the topics per document type. It allows for different
words to be used for the same topic depending on the document type (Roberts et al. 2019). This
means that patents could use different words than trademarks to describe the topic of robotic
components.

Modification of Structural Topic Modelling The study intends to assess the textual combination of
trademarks and patents (see RQ4.1) and to make a topic-wise comparison of patents and trademarks
concerning their market, product, service and technical coverage (see RQ4.2). STM makes it possible
to address both research questions. With the use of topic prevalence, STM enables the combination of
patents and trademarks while considering their differences. Therefore, the additional information of IPR
type (type, “patent” or “trademark”) and application year (year, e.g. 1980, 2000, 2010) is handed over to
the model as type - s(year). The intuition behind this is the following:

IPR Type: The document type, as a topic prevalence covariate, allows for the difference between patents
and trademarks. This is important as the text structure between patents and trademarks is different,
and the topics covered might occur to varying shares depending on the document type. Patent doc-
uments and thus the textual description centre around one specific invention. A patent requires an
inventive step (EPO 2018). Different knowledge fields might come together to create the invention,
but the focus is still on one invention. Trademarks enhance differentiation and identification and
are applicable in services (Millot 2009). Trademark documents, thus, centre around the application
areas of the trademark. A trademark document can centre around one specific application area or
can list several areas of application, depending on the scope of the trademark use. These application
areas can be widely dispersed and not focused.

Year: The application year is also considered as a topic prevalence as the timing of patent and trademark
applications differs. This is in line with Blei and Lafferty (2006) who demonstrated in their
dynamic topic modelling that time influences the topics of “Science” publications. In this chapter,
the application year is provided to the model as a spline (s(year)), meaning that the topic can occur
in varying proportions for different years. Linearity is rejected, as, over a long period, a topic
proportion will not have the same growing or falling tendencies. Considering the application year
in the model allows for changing topic probabilities over time. This means that a topic with a high
probability in the 1980s can have a different probability in the 2000s. In the context of Robotics,
for example, this allows surgery robotics to evolve.

Finally, an interaction between the application year and the document type is assumed (fype - s(year))
as topics represented in trademarks are not necessarily simultaneously present in patents and vice versa.
By allowing for the application year and document type interaction, changes in the topics covered in the
different intellectual property rights can be studied.

Application of Structural Topic Modelling The approach used in this chapter from the data extraction
until the model selection is displayed in Figure 4.1. The data extraction and model selection are performed
separately for Robotics and Footwear application areas.

1. Data Extraction: As a first step, the data needs to be extracted from the patent and trademark
data sources. The data is identified based on relevant classifications and keywords in patents and
trademarks. The data extraction is described in Subsection 4.3.3.

2. Pre-processing: In the next step, the documents are cleaned and prepared for the structural topic
modelling. The structural topic modelling requires a document-term matrix as input, with the
documents on the rows, the unique words on the columns and the occurrence of words in the
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Trademarks
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Topic Estimation with Structural Topic Modelling
(Topic Prevalence: s(year) - IPR type)

v
Model Selection

v
Model Analysis

Figure 4.1: Approach Overview in Robotics and Footwear.
The figure illustrates the approach used in this chapter from data extraction to model selection.
Data extraction relies on trademarks and patents related to the innovation areas, here Robotics and
Footwear. This data is subsequently pre-processed and transformed to create the corpus for textual
data analysis. Additional information is added, forming the basis for topic estimation, which is
carried out using structural topic modelling. Among various topic estimations, a model with a
specific number of topics is selected and employed for the analysis in this chapter.
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document as values. The dimensions of the document-term matrix influence the complexity of
the model, meaning more words and documents increase the matrix. To reduce the complexity,
non-meaningful words are excluded. First, lemmatising is applied, which returns words to their
original form (e.g., “was” to “be”). Afterwards, English stopwords', numbers, single-digit letters,
words that occur only in one document, words that occur less than five times, and words that occur
in more than 50% of patents or trademark documents are removed. Only unigrams are considered.
If a document does not contain any words after the cleansing process, this document is removed
from the data set. This may occur when a document consists only of common words. From the
reduced dictionary, a document-term matrix is created. This means that each word in the cleaned
data set is counted for each considered document. The textual data and the additional information
per document (IPR type, application year) are then provided to the model.

3. STM is then calculated for various number of topics to perform the model selection (further details
are described in Subsection 4.3.4).

The results are shown in Figure 4.2. For each innovation area, here Robotics and Footwear, a topic
overview is derived. The topic overview displays all estimated topics that occur in the data set. The
topics are then analysed in further detail to be able to answer the research question. The topic occurrence
displays the differences in the occurrence probability of a topic per IPR type and over time. This is used
to understand if there is a difference concerning the topic for different IPRs. The topic classification then
displays the main classifications of patent and trademark documents. Patent classes are expected to be
more specific than trademark classes, as the trademark system is less refined.

The documents on the topic are used to compare examples of patents and trademarks to the topic to
understand if the topic is consistent, meaning if patent and trademark documents align, and to see what
information can be gained from the documents. This analysis is repeated for several topics to draw general
conclusions. The topics are selected based on their IPR occurrence probability in patents, trademarks
or neither of those. The analysis is performed for Robotics and Footwear separately in Section 4.4 for
Robotics and in Section 4.5 for Footwear. The results are then jointly discussed in Section 4.6 to draw
general conclusions and answer the research questions.

4.3.2 Innovation Areas

Millot (2009) points out a high correlation between trademarks and innovation, especially for knowledge-
intensive services and in the high-tech sector. Millot (2009) finds further that industries with low patenting
activities are high on trademarks such as clothing and footwear or printing and publishing. Therefore in
this thesis, a high-technology area and a low-technology area are chosen for the analysis of innovation
areas: Robotics and Footwear. Representatives from low- and high-technology areas enable the discovery
of general application patterns in patents and trademarks, irrespective of the underlying degree of high-
or low-technology.

High-Technology Area of Robotics Robotics is an innovation area where multiple fields and disci-
plines are involved in its development. It is considered a technology of great future importance. Major
regions such as the United States of America, the European Union, Japan, and China have robotic devel-
opment and application plans. Application areas are, e.g., manufacturing, medicine, logistics, military,
entertainment, or education (T.-M. Wang et al. 2018). According to the International Federation of
Robotics (IFR), robots are used for industrial automation, delivering services to humans, or performing
tasks on equipment. Especially the application of service robotics like, e.g., lawn mowing or vacuum
cleaning robots has increased in recent years (IFR 2019a; IFR 2019b). Robotics has evolved to enable

IThe stopword list is taken from stop_words from the R package tidytext. The list combines the sources SMART, snowball
and onix.
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Figure 4.2: Illustrative Analyses in Robotics and Footwear.
The figure offers an overview of the various analyses in this chapter. The “Model Overview”
presents all the topics of the model and indicates whether there is a significant difference between
patents and trademarks (for more details, see also Figure 4.11) The “Expected Topic Proportion” is
analysed for each topic, both in general and over time (see also Figure 4.8). “Topic Main Classes”
provides a reference for the topic to classifications of patents and trademarks (see also Figure 4.9).
Finally, “Topic Main Documents” examines documents where the topic is highly present to assess
the consistency of the topic and the focus of the documents on that particular topic (see also

Figure 4.10).
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applications in unstructured, unknown environments with human-machine interaction compared to previ-
ously structured, known environments with explicit separation from humans. This advancement has been
achieved by integrating artificial intelligence, which allows the technology to be adapted to environmental
requirements and thus enables new applications (Sorbe et al. 2018). Robotic technology is one of several
key technologies for industry 4.0. Robots will not only be used for repetitive work but will increasingly
interact with humans. Manufacturing will change, enabling new outcomes, mass customisation and new
business models (Kamarul Bahrin et al. 2016). The economic activities in the fields of Robotics can be
classified according to NACE Rev. 2 2. The main activities are taking place in medium-high technology
areas like equipment manufacturing. Service activities also exist but focus on wholesale, retail and repair
(see Table 4.1). Overall, Robotics serves as a representative of a high-technology area.

Low-Technology Area of Footwear The activities in Footwear mainly focus on medium-low to low
technology applications or less knowledge-intensive services (see Table 4.1). The activities in Footwear
that relate to machinery and more complex elements of Footwear, such as heels or soles, are considered
medium-low to medium-high technology activities. However, most activities related to producing and
repairing Footwear are considered low in technology or knowledge-intensity. The high product variety
of shapes and materials makes the production process complex and challenging to automate (Ronthaler
et al. 2011; Raffaeli and Germani 2011). According to (OECD 2011), the footwear industry belongs to
low-technology industries as their R&D intensity is generally low.

4.3.3 Data Extraction

For the analysis of Robotics and Footwear, the textual descriptions of trademarks’ “goods and service”
field and patents’ abstracts are used. The trademarks and patent applications are taken from the United
States Intellectual Property Office (USPTO). The data sets are limited to the years 1978 to 2016.°

The criteria for data extraction in the case of Robotics are the following:

e For Patents: The registered USPTO patents are identified and extracted based on (1.) robotic
CPC classes*, supplemented with (2.) a keyword-based search (%robot%) in the patents’ title and
abstract (see Query C.1 and Query C.2).

1. A CPC-based search is applied, as experts assign patents to these classes based on their
affiliation to, for example, Robotics. For the data extraction, the CPC classes are identified
based on the keyword (%robot%) and each class’s description. Only CPC classes that focus
primarily on robotics are included, while classes that use robotics only as an example are
not explicitly included. In total, 883 different subgroups are specified (see Table C.1 and
Table C.2). Relevant subgroups are, e.g., “A471.2201/00” (Robotic cleaning machines, i.e.
with automatic control of the travelling movement or the cleaning operation), “B25J19/0029”
(Accessories fitted to manipulators, e.g., for monitoring, for viewing; Safety devices combined
with or specially adapted for use in connection with manipulators -Means for supplying
energy to the end effector arranged within the different robot elements) or “G05B2219/2661”
(Program-control systems-Pc systems-Pc applications-Milking robot).

2. The search is supplemented by a keyword-based search so that robotics patents not included
in the explicitly listed classes are also covered. The keyword-based search also increases
the comparability of patents and trademarks since, in the case of robotics trademarks, only

2«Nomenclature statistique des activités économiques dans la Communauté européenne” (Eurostat 2008)

3This is due to data availability. Trademark data coverage is limited before 1978 according to S. J. H. Graham et al. (2013).
After 2016, the USPTO patent data coverage was not complete at the point of extraction.

4CPC classes are used for the classification of patents (see also Subsection 2.2.1).
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Table 4.2: Overview of the Data Sets of Robotics and Footwear

Robotics Footwear
Data Set
Original Cleaned Original Cleaned

Patent Documents 26,650 26,650 14,253 14,253
Trademark Documents 10,352 10,349 87,391 79,811
Total Documents 37,002 36,999 101,644 94,064
Terms 33,467 12,104 31,499 12,164

Selected Number of Topics 115 89

The table offers an overview of the documents and terms used as the foundation for structural topic modelling,
along with the selected number of topics based on various metrics. It displays the initial number of documents
extracted from various data sources, as well as the document numbers provided to the model after data
preprocessing and cleaning. The time-frame is limited to the years 1978 through 2016.

this search is available. Nevertheless, the CPC-based search is used in patents to include the
expert perspective on robotics patenting.

o For Trademarks: The registered USPTO trademarks are identified based on a keyword-based search
(Yorobot%) in (1.) the trademark name (or pseudo name’) or in (2.) the “goods and service” field
description (see Query C.3, Query C.4 and Query C.5).

1. Trademarks cover specific goods or services. The names associated should not lead to
confusion or wrong assumptions. Trademarks with “robot” in the trademark’s name create
the association that the trademark is applied in robotics and should thus cover robots in a
broader sense. Subsequently, all “goods and service” fields of the trademark are related to
robotics, even though “robot” might not be part of the descriptions. Therefore, if a trademark’s
name contains “robot”, all of its “goods and service” fields are included in the analysis.

An example is “ROBOTOL” which stands for robot-related ear surgery (Serial no: 79207597).
The trademark directly creates the association that this brand is for robotic products. There-
fore, all available descriptions are used for the analyses.

2. The search is supplemented by a search in the “goods and services” field of the trademarks. If
the name of a trademark does not designate robotics, there may still be coverage of a robotics
application. The robotic application must be explicitly described. If a mark covers multiple
NICE classes, only the classes related to “robot” are considered in the analysis. For example:
“TIM” is a trademark registered for an underwater robot (serial number: 73329434). The
name does not indicate robot affiliation, but the NICE class description explicitly mentions
robotics.

In total, 37,002 Robotics documents are extracted from the data sources. Thereof, 36,999 documents
remain after the cleaning process (as described in Subsection 4.3.1). The number of terms, here unique
words in the data set, is reduced from 33,467 to 12,104 (see Table 4.2).

The data extraction for Footwear is analogous. For patents, CPC classes concerning shoes and footwear are
assessed (see Query C.6 and Query C.7). 619 different CPC subgroups are included (see also Table C.3),
among which are “A43B1/00” (Footwear characterised by the material), “A43B19/00” (Shoe-shaped
inserts; Inserts covering the instep) or “A43D69/00” (Shoe-nailing machines). Footwear for animals is
excluded. Further, patents with combination of “%ofoot%” and “%eshoe%” or with “%Jefootwear%” in
abstract or title are included. The combination of foot and shoe is necessary as the word “shoe” is not

SThe USPTO gives pseudo names to improve the searchability of the data sets for specific keywords. For example, a name
with “bot” might be amended to “robot” to include the trademark in the results of “robot” searches.
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4.4 Results of the Robotic Analysis

precise. It also occurs in a context such as brake shoes. For Footwear trademarks, trademarks are selected
based on their (1.) trademark name, (2.) pseudo name or (3.) “goods and service” field description (see
Query C.8, Query C.9 and Query C.10).

The final data extraction consists of 101,644 documents, of which 94,064 remain after the cleaning
process and serve as a basis for the model selection.

4.3.4 Model Selection

Based on the data extraction, the models are selected for the analysis for each data set separately. The
final selected number of topics K for Robotics and Footwear can be seen in Table 4.2.

Model Selection in Robotics Out of the 36,999 robotic documents and 12,104 terms, a document-term
matrix is created as input for the structural topic model. Various models are calculated as the number of
topics needs to be decided upon before the model calculation. The best-fitting number of topics is then
chosen based on Figure 4.3. The figure provides an overview of model diagnostics related to exclusivity,
held-out likelihood, residuals, and semantic coherence. These metrics are calculated for every model and
allow for the comparison of the models.

The residuals form an inverted U-shape as shown in Figure 4.3a. A model at the bottom of the U-shape
is preferred. In the case of Robotics, residuals are lowest between the model of 100 and 130 topics. In
Figure 4.3b, the close-up of the residuals reveals that the models with 114 topics and 122 topics have the
lowest residuals among all models. Therefore these are included in further analysis. Besides topics 114
and 122, other topics are considered for the final selection. These are chosen based on their semantic
coherence and exclusivity. Semantic coherence determines the relatedness of the terms within a topic.
With an increase in number of topics, the coherence declines. In parallel, exclusivity increases, which
indicates how unique the terms are for the topic. A trade-off between semantic coherence and exclusivity
exists. In general, models with fewer topics have a higher semantic coherence but lower exclusivity
(Roberts et al. 2014). Figure 4.4a shows the mean exclusivity-coherence trade-off for all models between
100 and 130. The mean exclusivity-coherence trade-off for a model is calculated based on the mean
of each topic’s exclusivity-coherence trade-off in the model. Models 106, 115, 121 and 128 provide an
interesting mean exclusivity-coherence trade-off to consider further. Overall, six models are looked at
in closer detail. Figure 4.4b displays exclusivity-semantic coherence-trade-off per topic for each model.
The model with 121 topics has, for example, many topics with a good trade-off (top right corner) but also
many low exclusivity topics. Based on the comparison, the model with 115 topics is chosen.®

Model Selection in Footwear In the case of Footwear, the 94,064 cleaned documents resulted in a
model with 89 topics. The selected model displays a good trade-off between exclusivity and semantic
coherence. The metrics to approximate the number of topics K in Footwear are provided in the Appendix,
Subsection C.2.2.

4.4 Results of the Robotic Analysis

The results are presented for Robotics first in Section 4.4, before briefly discussing Footwear in Section 4.5.
The results of the two areas are then compared and discussed in Section 4.6.

Before analysing the estimated topics from the field of robotics, the data set is described in terms of
the annual applications and the associated classifications to provide a general understanding of the data

%The exclusivity-coherence trade-off of model 115 is displayed in the Appendix, Figure C.1.

65



Chapter 4: Innovative Activities Captured through Semantic Analysis of Patents and Trademarks

(a) Overview of the Model Diagnostics
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Figure 4.3: Metrics to Evaluate the Number of Topics K in Robotics.

The general diagnostics offer an initial overview to determine the appropriate number of topics (K).
For each calculated model, metrics such as exclusivity, held-out likelihood, residuals, and semantic
coherence are assessed. Each point on the graph represents a distinct model and its corresponding
diagnostics. These metrics are evaluated in relation to one another to decide on the optimal K.
Specifically, in the case of residuals, models located at the lowest point of the slope are of particular
interest. The figure presents both (a) an overall view and (b) a closer, zoomed-in perspective to
facilitate the selection of models that warrant closer examination.
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Figure 4.4: Exclusivity and Semantic Coherence of Robotics Models in Comparison.

A trade-off between exclusivity and semantic coherence needs to be determined. Models with
fewer topics exhibit higher semantic coherence but lower exclusivity compared to models with
more topics. Subfigure (a) presents the mean exclusivity against the mean semantic coherence for
each model, with each point representing a model and its respective trade-off. Potential models
are selected for further examination. Subfigure (b) illustrates the exclusivity-semantic coherence
trade-off for these chosen models on a per-topic basis. In Subfigure (b), each frame corresponds to
a model, and each point represents the trade-oft for a specific topic within the model.
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Figure 4.5: Robotic Patent and Trademark Registrations per Year.
The figure illustrates the yearly filings of registered trademarks and patents in the Robotics data
set, with years referenced to the application filing year in trademark or patent application.
Source: Own representation based on the Robotic data set.

set. The data description refers to the final data set of 36,999 cleaned documents. In total and per year,
more patent documents are related to Robotics than trademarks. As Robotics is a high-technology area,
patents can be widely applied. The general trends in patents and trademarks are similar: overall, the
number of documents is low in the 1980s but has increased since. Noticeable is a peak around 2002
and a decline in 2009 (see Figure 4.5), which might relate to general economic cycles. According to
S.J. H. Graham et al. (2013), a general peak of trademark applications occurred during the dot-com boom
around 1999-2000 and a decline is visible in 2009 related to the global financial crisis. The increase in
trademarks is surprising, as Robotics is still a high-technology area. The analysis should provide further
insights into the application areas for trademark protection in Robotics.

Patents and trademarks in Robotics are categorised in existing classification schemes:
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» Figure 4.6 displays the classification of patent documents into CPC groups. A patent can be

classified into one or more CPC groups. The patent occurrences in a CPC group are summarised to
determine the importance of each CPC group within the data set. Each patent occurrence in a group
is counted as “one” in this process. If a patent is contained in multiple CPC groups, then the patent
is not split between multiple CPC groups but is counted fully in each group. The sum is divided
by the total number of unique patent documents in the data set to determine the relative share of
the CPC group. The CPC groups represented in Figure 4.6 are all groups with a share of more
than 1%. In Robotics, the CPC groups B25J, GO5B, Y10S, Y10T and A61B have the highest share
of patents. CPC group B25J, with a share of 48.75%, inherits all patents about “Manipulators”.
CPC group GO5B (19.00%) stands for “Control or regulating systems in general”, Y10S (17.50%)
and Y10T (17.27%) cover technical subjects of the former U.S. classification system like apparel,
baths, beds or compound tools and A61B (13.44%) for “Diagnosis” and “Surgery” (CPC 2020).

Figure 4.7 displays the trademark documents in the 45 NICE Classes in relative shares. Trademarks
can be registered in multiple NICE classes simultaneously. Every NICE class occurrence is counted
separately. Figure 4.7 represents the total share of robotic trademarks in all 45 NICE classes. NICE
class 7 “Machines, machine tools, engines and vehicles” (35.22%), class 9 “Scientific, research,
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CPC Group ID
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Figure 4.6: Robotic Patent Classification.
The figure presents the CPC groups of patent documents with a share exceeding 1%. The CPC
groups are arranged in descending alphabetical order. The length of each bar reflects the relative
occurrence, thus the occurrence of the CPC group in comparison to the total number of patent
documents. It’s important to note that since a patent can be assigned to more than one CPC group,
the percentages of the groups do not add up to 100%.
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Figure 4.7: Robotic Trademark Classification.
The figure displays the NICE classes of the trademark documents. The NICE classes are ordered
in descending order. The length of the bar indicates the relative occurrence, thus the occurrence
of the NICE class compared to the total amount of trademark documents. As a document can be
registered in more than one NICE class, the NICE classes do not sum up to 100%.
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processing of sounds, images or data, computer software” (30.73%) and class “Games, toys, video
game apparatus, sport articles” 28 (21.30%) are the main trademark classes. Also of relevance
are the trademark service classes 42 (8.41%) with “Scientific and technological services” and 41
(6.25%) with “Education” (WIPO 2019a).

Patents and trademark classifications thus both concern machinery. Patents additionally cover the subject
of surgery, which belongs to the area of service robotics. The trademark classes also cover games,
software and services. These subjects should be reflected in the topic estimation and result in topics
around, e.g., games, services, and medicine.

4.4.1 Exemplified Analysis of Topic 98

In the following, topic 98 is described to exemplify the analysis of different topics of the structural
topic modelling before comparing topics in Robotics to the research questions. Topic 98 has the highest
occurrence probability in the data set, with 3.06%. The topic’s share is calculated by summarising the
topic’s occurrence probability in every document in the data set. The main words in topic 98 are “arm”,
“axis”, “link”, “rotation” and “connection”, which are essential functions of robots. The topic has a high
semantic coherence and exclusivity, thus a good exclusivity-semantic coherence trade-off. The topic
should thus be consistent, and the words should provide a reasonable explanation for the topic (see also
Appendix, Figure C.1). As described in Paragraph 4.3.1, the Topic Occurrence, Topic Classifications,
and the Documents on the Topic are analysed for each topic. The results of the analysis are described in
the following:

Topic Occurrence: Figure 4.8a shows the occurrence probability of topic 98 separately for trademarks
and patents. The topic has a higher estimated topic proportion in patents than in trademarks. Even
though the ranges of trademarks and patents overlap, the estimated mean is higher in patents. A t-
test determines if the difference is significant. At the 95% confidence interval, the topic occurrence
probability is significant in patents (see Appendix, Figure C.2). The topic is thus considered a
patent topic.

Figure 4.8b displays the development of the topic over time, separated for patents and trademarks.
As can be seen, the estimated topic proportion for patents and trademarks is converging towards
each other. The topic’s estimation and confidence intervals per IPR were separated in the 1980s but
started to overlap around 2008. Interestingly, the topic share increases in trademarks from around
1% to 2.5%, while the share remains relatively stable in patents at around 3%. The increasing topic
share in trademarks implies that the subject of robotic components has become more relevant in
trademarks, which is reflected in the trademark descriptions and words. The reason could be that
especially service robots are increasingly introduced to the market and thus are more present in
trademarks than before.

Topic Classifications: The relation to existing classification systems is then analysed, as these provide
additional information about the technologies behind them. Figure 4.9 displays the ten main patent
CPC Subgroups and the trademark NICE classes in the topic. The main classes are calculated
based on the topic occurrence in each document: Every topic occurs in every document, and every
document is in different classes. The document’s topic occurrence weights the classes of each
document. These weights are summarised for each class to determine the ten main classes for
patents and trademarks.

In trademarks, NICE classes are determined by the application area of the trademark. The NICE
classes are generally broad, as there are only 45 classes. The trademark descriptions, however, can
cover more than just the application area. Topic modelling focuses on this content. Therefore, it is
expected that the class assignment of a topic and the topic description only partly align, depending
on the topic. For topic 98 with robotic components, a high relation to NICE class 7 (machines and
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Figure 4.8: Expected Topic Proportion per IPR in Topic 98.

Subfigure (a) presents the occurrence probability of topic 98 across different document types. For
topic 98, there is an overlap in the variances of trademarks and patents, but the estimated mean
is higher in patents. A significance test, specifically a t-test, is conducted based on both variance
and mean. The results are presented in Figure C.2. In the case of topic 98, the topic occurrence
probability is found to be significant in patents. Subfigure (b) shows the evolution of the occurrence
probability over time. The line represents the mean occurrence, while the coloured area signifies
the variance.
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Figure 4.9: Ten Main Classes of Topic 98 in Patents and Trademarks.
The figures display the ten main CPC subgroups and NICE classes of patents and trademarks that
are related to topic 98. The class names and shares are provided.

engines) is expected. However, other classes that focus more on application aspects of robotics
are also likely. In trademarks, NICE class 7 (machines and engines) with 52.98%, NICE class
9 (23.77%, data and computer software) and 28 (13.78%, games and toys) are the three main
trademark classes. NICE class 7 is an expected result. NICE class 9 displays the importance of
data and software in the field, while games are a robotics application area. In contrast to the patent
classifications, the trademark classes do not allow for further analysis. The level of detail provided
by the class description is limited.

In comparison, the patent classification is more refined with related classes such as Y10T74

“Machine element or mechanisms” with Y10T74/20335 “Wrist”, Y10T74/20329 “Joint between

elements”, Y10T74/20317 “Including electric motors”, Y10T74/20305 “Robotic arm”, and B25J9

“Programme-controlled manipulators” with B25J9/104 “Cables, chains or ribbons”, B25J9/06

“Characterised by multi-articulated arms”, B25J9/042 “Comprising an articulated arm”. A61B34/30
includes surgical robots and A61B34/71 drive cable-operated manipulators. These are application

areas of multi-axis robots or robotic arms. The application areas in patents differ from those in

trademarks. The machine elements are covered by both, but the patent perspective does not cover

the data or gaming aspects.

Regarding the topic, the classifications are in line with the topic description. Several aspects are
important to notice: The comparison of the topic with the classifications underlines the result of
the modelling. It also supports the interpretation of topics by merging them with existing metrics.
Concerning trademarks, the combination enables the application of the patent classifications to
trademarks and to capture overarching subjects of trademarks that the broad trademark classification
cannot identify. In terms of content, the core aspects such as machines are covered by both
trademarks and patents. Differences exist in the fields of application with surgery in patents and
data and games in trademarks.

Documents on the Topic: Finally, the topic content is analysed in closer detail. The purpose is to
analyse if the topic estimation and the combination of patents and trademarks are consistent and
more detailed than the classification. Consistency is considered when the topic words, and the
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patent and trademark documents align. Further, the documents should be focused on the topic.
Consistency implies that in the respective topic, the detailed combination of trademarks and patents
based on their textual data is possible. This is necessary to answer the first research question. It
is further assessed if the combination brings new insights. Therefore, the main documents of the
topic are considered. As each document in the data set relates to the topic but with a varying share,
the documents with the highest share differentiated per IPR type are extracted. The main trademark
and patent documents in topic 98 are represented in Figure 4.10. On the top of Figure 4.10,
the topic name and the five words with the highest frequency in the topic are displayed. The
patent documents are displayed on the left, and the trademark documents are on the right. Every
facet provides the document ID (patent ID for patents or serial number for trademarks) to relate
the documents to the original document. ’ Beneath each document number, a snippet from the
document is shown. This is an excerpt of the original textual description in the document. The
document snippets combined with the highest probability words of the topic help to interpret the
topic.

Beneath the document snippets, the gamma value for each topic in the document is shown. Gamma
provides the association of the document to each topic of the model. The gamma values of all
topics add up to 1. High gamma values in a few topics indicate that the textual description is
focused, while high gamma values in many topics indicate that the textual description is broad.
The document’s gamma distribution of all topics helps to interpret the text snippets, especially
when the text snippet captures multiple topics. The distribution then reveals if the model detected
that dispersion. In patents, the gamma values are only high for topic 98 (around 80%). The patent
documents are thus focused on and present in topic 98. The trademark documents are related to
topic 98 with above 15%. Even though the documents also cover other topics, the text snippets and
the topic’s words are coherent.

From the observation, patent and trademark documents are about the same topic. The clustering of
the model thus seems consistent and plausible. Overall, the textual descriptions reveal information
on a subject relevant in Robotics. Compared to the classifications, the topic results are more refined
than the trademark classifications. The patent classification is very detailed, so the topics do not
add additional information in this case. The combination, however, reveals that the topic is covered
in patents as well as in trademarks. Hereby, the patent text contributes to the invention aspects,
while trademarks reveal the market introduction. Combined, an area of innovation is thus covered.

To summarise, topic 98 is significant in patents, but trademarks’ relevance increases over time. The
classifications and the textual description of the topic are aligned. The textual descriptions provide,
however, more details than the classification, especially in the case of trademarks. The textual combination
of trademarks and patents is further consistent. Patents still provide more details in their textual description
than the trademark descriptions. Nevertheless, trademarks also cover information about the robots and
their application area.

4.4.2 Robotic Analysis

In the following, different robotic topics are summarised and compared to answer the research questions.
The Robotic model with 115 topics is selected. The topics are overviewed in Figure 4.11. The figure
shows each topic’s expected probability in the data set. Every bar represents a topic and its topic
occurrence probability. The topic occurrence probabilities of the topics add up to 100%. Behind every
bar, the topic’s number and the five words with the highest occurrence probability within the topic are
shown. For every topic, it can be determined if an IPR type is occurring with a significantly higher
probability than the other. This is determined based on a t-test with a 95% confidence interval that tests

TThe document ID can be used to search the document in the USPTO database.
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Figure 4.10: Main Patent and Trademark Documents in Topic 98 of Robotic Model 115.
The figure displays different information about topic 98 of model 115. At the top, the five words
with the highest occurrence probability in the topic are displayed. Further, a selection of the three
main documents per document type is displayed. The registration number is given as well as a
short snippet of the textual description. The bar graph underneath the header of each document
displays the overall topic distribution of the document. The gamma value for each topic is shown,
which provides the association of a topic to the document. Each value is determined by gamma.
This helps in the interpretation of the data as it provides information on the level of focus on

specific topics of the document.
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whether the occurrence difference between patents or trademark documents in that topic is significant.
The occurrence difference is calculated based on the topic occurrence probability separated for each data
source as seen in Figure 4.8. The colouring of the bar in Figure 4.11 indicates the significant IPR type in
the topic. The bar is coloured blue for significance in trademarks, green for patents, and grey if there is
no significant difference.® As seen in Figure 4.11, most topics cannot be attributed to a specific IPR type
(displayed in grey). Only some have significance in either patents or trademarks (coloured accordingly).
Especially topics with a high frequency have a clear document significance. Of the 20 main topics, ten
are significant in patents, while only three are significant in trademarks. Topics with a lower occurrence
probability are, however, either significant in trademarks or occur in trademarks and patents without a
significant difference.

In the following, different topics are analysed in closer detail and compared. Therefore, the main patent
and trademark topics and the main topic without a significant difference in the occurrence probability
between trademarks and patents are considered to understand which topics are covered by the different data
sources. Further of interest are topics with a clear trademark association but low occurrence probability
to understand that phenomenon. The general conclusion for each topic is described here.® The topics are
organised according to their importance and significant IPR type.

Patent Topics: Out of 115 topics, 11 topics are significantly associated with patents. The first four topics
are in patents. Further, ten topics out of the 20 main topics are in patents. The main associated
words of the topics are e.g. “arm”, “axis”, “method”, “position”, “operation”, “speed”, “gripper”,
“move” and “direction”. These words can be brought into the context of robotic components or
core functionalities of robots like movement, gripping, and operation. Most of the patent topics
are represented in patent class A61B “diagnosis” and “surgery” with 13.44% of the total patent
documents. In trademarks, these topics are mostly in NICE class 7 or 9, covering machines or data
and software aspects in general. Topic 98 is the most important topic in general, with an occurrence

probability of 3.06% and is significant in patents. It is summarised in the following.!”

Topic 98: Topic 98 is about arm rotation and the axis of robots. It is mainly associated with patent
documents, which are focused on this topic and not highly present in other topics. The patent
descriptions provide details about the development of these axes, while the trademarks only
reveal that robots with multi-axis exist in the industrial context. The trademarks are less
focused on the topic than the patents. The topic is present in patents and trademarks but
significantly more common among patent documents.

In summary, the core of the patent topics is very technical. While the classification of trademarks
only reveals a relation to machines in general, the patent classification provides detailed information
on the technical background of the invention. This also helps to understand the trademark documents
better.

Trademark Topics: 13 outof 115 topics are trademark topics. Only three trademark topics are among the
20 main topics. Trademark documents provide around one-fourth of the data to the data set. This
might explain why the main topics are mostly significant in patents. The trademark documents are
diverse in their related words: “toy”, “machine”, “research”, “game”, “educational”, “personal”,
“automation”, “energy”, “entertainment”, “service”, “electric”, “vehicle”, and “unmanned” are
among the main words. The topics can be related to the areas of toys and games (topics 72, 16
and 70; NICE cl. 28), education and entertainment (topics 53, 83; NICE cl. 41), research (topic
37; NICE cl. 42), and machines (topics 8, 114, 22, 69; NICE cl. 7). Topic 69 covers the area
of unmanned aerial vehicles, which is an important application area of service robotics. Besides
NICE class 9, it is also covered in Cl. 12 (vehicles) and 28 (e.g. sport equipment, amusement).

8The results of the t-test for each topic can be seen in detail in the Appendix, Figure C.2.
9Further details for each topic are provided in the Appendix, Subsection C.1.2.
10Topic 98 is used to exemplify the analysis. The details are provided in Subsection 4.4.1.
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Figure 4.11: Overview of the Model with 115 Topics in Robotics.

The figure provides an overview of the 115 topics in Robotics. The topics are displayed according
to their relative share in the overall data set and ordered decreasingly. The colouring indicates
the document type, which is significant for the topic with a 95% confidence interval (Figure C.2).
In case of no significant difference, the colouring of the bar is kept in grey. The description to
the right of each bar displays the topic’s number and the five words with the highest occurrence
probability in the topic.
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Toys and games are often also represented in the patent class A63H, which also relates to toys.
“Service” occurs among the main words in topics 37, 53, 83, and 79. All of these topics are
significant in trademarks except for topic 79, where neither trademarks nor patents are significant.
Topic 72, as the most important trademark topic, topic 37, as a service topic, and topic 69, covering
unmanned aerial vehicles, are described in closer detail.

Topic 72: Topic 72 (Figure C.3) deals with game-related or toy-related aspects. The patent docu-
ments are not focused on this topic but also cover other topics. In comparison, the trademark
documents are very focused on the topic. The patents provide more insights into toy inven-
tions, while trademarks highlight robotic toys and their application. The highest frequency
words in the topic align with the most important NICE Class 28, which contains trademarks
for games and toys, but also to the patent class A63H that relates to toys. Overall, the general
area of invention and application matches.

Topic 37: Topic 37 (Figure C.4) relates to designs, research, and technical engineering. The
patents assigned to the topic are not focused on topic 37 but also relate to other topics. By
contrast, the trademark documents linked to this topic are more focused on it (with a weak
presence in other topics). Within topic 37, the trademark occurrence probability is generally
higher than for patents. Trademark NICE class 42 relates to scientific and technological
services and design, which aligns with the associated trademark documents and the topic
description. The patent classes associated with topic 37 cover diverse subjects, like A61B
“surgical and diagnosis”, B25J “robotics”, and GOIN * analysis of materials”. The service
relation from the document snippets is present in trademarks and patent documents. In detail,
however, it is noticeable that although the text snippets generally cover research, a common
subject within research is missing.

Topic 69: Topic 69 (Figure C.4) represents aircraft, unmanned, aerial, vehicles, and drones. It is
more associated with trademarks than with patents. Looking temporally, interesting peaks are
visible in the 1985s and around 2010, indicating the market introduction of unmanned aerial
vehicles (UAVs) around that time. The trademark classes 7 and 9 are related to machines
and instruments for controlling and monitoring aircraft, while the patent classes relate to
aerodynamic aspects (B64C), Master-slave robots (A61B34), and controls (GO5D). Further
of interest is that the trademark, as well as the patent documents, are very focused on the
topic of unmanned aerial vehicles. This is in contrast to topic 72 and topic 37, where only
trademarks tend to be focused, whereas the patents are also present elsewhere in the topic
space.

In summary, the trademark topics generally cover aspects similar to the main NICE classes. The
topics provide further details on the underlying subjects like unmanned aerial vehicles. In trademark
topics, patents are less focused, while trademarks are generally focused. This pattern is also visible
in patent topics where the trademarks are less focused than the patents. An exception is topic
69, where the patent and the trademark documents are similarly focused on the topic. Here, the
document descriptions of patents and trademarks are very aligned. Nevertheless, the topic occurs
in trademarks with a higher probability than in patents and represent essential developments in the
field.

Neither: Most topics are not identifiable as trademark or patent topics. This implies that patents and
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trademarks occur in the topics. However, no significant difference in the occurrence probability is

observable. The topics represented by this group are very diverse, with many main topics focusing

on core robotic aspects like “motor”, “drive”, “manipulator”, “system”, “control”, “computer”, and

“mechanism”. A group of topics focus on aspects around communication like “network™, “com-
)«

munication”, “data”, “wire”, and “connection”. Others focus on application areas like “welding”,
“medical”, or “milking”. Topic 90, as the topic with the highest occurrence probability in this
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group, which is also related to core robotics, topic 109, as a communication topic, topic 27, for
medical applications, and topic 103, for milking applications, are chosen for closer analysis.

Topic 90: In topic 90 (Figure C.6) no IPR type is significant. The topic nevertheless has a clear
technical relation with “drive”, “motor”, “shaft”, “gear” and “wheel” as the main words. The
main patent and trademark documents are focused to a high degree on the topic. Also, the
shares overlap over time, with a lower mean of occurrence in trademarks than in patents. The
most important trademark class is NICE class 7, which relates to machines and engines. This

is again in line with the topic estimation.

Topic 109: Topic 109 (Figure C.7) describes “network”, “‘communication”, and ‘“‘application”
aspects. The main documents describe, e.g. voice communication, internet methods, and
telecommunication. The topic strongly overlaps patents and trademarks in its estimated
occurrence and in the time overview. The patent classes relate to robots and positioning,
while the NICE classes are related to, among others, machines (cl. 7), data transmission (cl.
9) and the development of computers and software (cl. 42). The main documents in the topic
are focused on the topic. Both IPRs display a high level of detail in their descriptions and are
in line with each other.

Topic 27: The medical topic 27 (Figure C.8) is occurring in both trademark and patent topics, with
higher shares in the latter. Over time, the estimated probability is similar but slightly higher
for patents. The related classes also pick up the topic of medicine, with medical robotics in
CPC classes and medical instruments and services in the NICE classes (like NICE class 10
with surgical and medical apparatus).

Topic 103: Milking of animals is relevant in topic 103 (Figure C.9). The topic is equally repre-
sented in trademark and patent documents. The topic development over time is very similar,
with, generally, very small shares. The related NICE classes are, among others, about ma-
chines and tools (cl. 7), scientific and research instruments as well as data processing (cl. 9),
apparatus for cooking and feeding (cl. 11), plastics, and packaging and pipes (cl. 17). CPC
class A10J5 and AO1J7 include accessories for milking machines and devices, and AO1K1
the housing of animals.

The combination of patents and trademarks is very consistent for topics that are to a similar
proportion in patents and trademarks. This means that the topic words, patent and trademark
descriptions align. Patents and trademarks combined give perspectives on the same topic and
provide different perspectives. Remarkably, the documents have a similar focus on the topics. The
topics cover multiple aspects of robotics, from core functions to more specific applications.

Before synthesising the results to answer the research questions of robotics, firms’ involvement is con-
sidered. As the involvement of firms is of interest for the studies on innovation, the involved firms are
exemplarily derived for topics 27 and 103 (see Figure C.10). In line with the topics, the highly involved
firms in terms of IPR application have a background in either surgical robotics or milking. For example,
the firm Intuitive Surgical Operations develops surgical robots and is responsible for one-quarter of the
topic.!! Ethicon Inc., Ethicon Endo Surgery Inc., Hansen Medical and Covidien are also from the medical
sphere. It is interesting that Ethicon Inc. and Ethicon Endo Surgery Inc. are both associated with topic
27 as these firms merged in 2013 (Arnold 2013). In topic 103, DeLaval (2021) and Lely (2021) are firms
active in the dairy and farming industry and, thus, apparently also active in the development of milking
robots. The combination of trademarks and patents thus can detect firms that are active in similar areas
and even provide insights on mergers from a content perspective. In general, the model displays a high
firm-topic-relation.

The analysis implies the following for the research questions:

'This means that across all documents, the share of documents that relate to the firm and the topic sum up to 24.25%.
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RQ4.1: Can trademarks be combined via their textual data on a detailed level?

The analysis of the different topics revealed that the combination, in general, is possible. The dif-
ferent topics are consistent regarding the matched documents, the words with the highest frequency
and the related classification. This means that, for example, a topic about milking in robotics is
contained in patent and trademark documents that both focus on milking. Thematically, this means
that the topics present in the patents are also present in the trademarks. Trademarks and patents are
most aligned in the topics where no significant difference between trademark and patent occurrence
probability is observable. Compared to the classification systems of patents and trademarks, the
topics display a higher level of detail. Further, most topics are covered by several classes. The
topics provide more details than, especially the NICE classes.

RQ4.2: Does the textual combination of trademarks and patents add new insights to the discussion of
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innovation?
Different aspects need to be considered to answer whether the textual combination of trademarks
and patents adds new insights to the discussion of innovation:

e Trademarks and Innovation: The matching of patents and trademarks is generally very
consistent. This implies that topic-wise, the inventions in patents are also introduced to the
market, at least thematically. Further, topic 69 of unmanned aerial vehicles, for example, is an
innovation area in robotics. It is, however, significantly present in trademarks. The inclusion
of trademarks into the analysis increases the importance of topics with a higher occurrence
probability in trademarks than in patents. Overall, the analysis thus indicates that diffusion
of inventions takes place and that trademarks cover topics that are related to innovation. The
analysis of trademarks could therefore be sufficient in cases where an overview of the market
introduction of inventions is sought. The textual analysis does, however, not ensure that
the same firm performs the market introduction. It could, nevertheless, provide important
insights to understand the evolution of topics over time and across multiple firms. The firm-
perspective on milking and medicine gave first insights into that direction: firms were linked
via joint topics that are also firm-wise connected (like Ethicon Inc. and Ethicon Endo Surgery
Inc.).

e Market and Products: The trademark descriptions ensure the market introduction of the
topics. The topics of trademarks often display an application area like toys, education or
energy. Further, some topics are focused solely on end products.

e Services: Services are represented in trademark topics or topics with no significant IPR
difference. The services in the trademark topics displayed a list of service areas without a
clear focus. Services were less present in patents. In areas of service robotics, like milking
or farming, patents and trademarks are equally represented. This can mean that in general,
services are more in trademarks. However, with an increasing link to technology, as in
milking and farming, the patentability increases and as such the occurrence probability in
patents increases.

 Technical innovation: The patent topics are mostly covering core functions of robotics. Also,
many topics that are equally in patents and trademarks focus on core components or the
communication aspects of modern robots. Trademarks display less detail in technical aspects
and rather represent the final product than individual components. However, trademarks
nevertheless cover technical aspects, and their share in Robotics is also increasing. Topic-
wise, it is noticeable that topic 69 about unmanned aerial vehicles is significant in trademarks
and that topics like topic 90 with general aspects or topic 27 and topic 103 display no signifiant
difference in occurrence probability between patents and trademarks. Example descriptions
of trademarks are “drones in the nature of unmanned aerial vehicles for the purposes of aerial
photography” (see Figure C.5d), “tightening rings for connecting gear drive shafts sold as a
component part of gear” (see Figure C.6d), “surgical, medical, dental and veterinary apparatus
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and instruments, in particular, medical devices, namely, access devices in the nature of trocars
for use in manual and robotically” (see Figure C.8d) and “equipment for stable and pasture
and for dairy cattle, namely, machines for supplying fodder concentrate in fodder troughs”
(see Figure C.9d). These example texts reveal technical aspects present in trademarks.

In terms of new insights added thanks to the combination, it can thus be said that on one hand, patents
still focus more on inventions than trademarks. On the other hand, trademarks provide insights
especially on the market introduction or on the application area of technologies. Additionally,
some topics like unmanned aerial vehicles gained increasing importance thanks to the combination
with trademarks. Services are also still mainly in trademarks. When it comes to technical aspects,
trademarks increasingly cover insights into the technologies.

Overall, for the innovation area of Robotics, the combination of trademarks and patents based on textual
data is consistent and provides a high level of detail and insights into robotics development. Trademarks,
as well as patents, are increasing in Robotics. Interestingly, technical aspects are not only covered by
patents but also by trademarks, even though the share is still higher in patents. Each IPR thus can
contribute to the understanding of innovation in Robotics. The combination can be especially of interest
in areas where patent coverage is low and further information on the market introduction is of interest.

4.5 Results of the Footwear Analysis

In the case of Footwear, the 94,064 cleaned documents resulted in a model with 89 topics. Trademark
documents are the dominant document type, providing 84.85% of the total documents to the model
(see Table 4.2). The number of trademarks registered shows a large increase over time, while patent
registrations do not grow very much (Figure 4.12). The three most important CPC classes are A43B with
70.34% (“Characteristic features of footwear; parts of footwear”), A43C with 15.65% (“Fastenings or
attachments for footwear; laces in general””) and Y 10T with 13.39% (“Technical subjects covered by former
U.S. classification”). A43, in general, is associated with “Footwear” (CPC 2020). In the case of NICE
classes, most trademarks are registered in class 25 with 86.44% (used “mainly for clothing, footwear and
headwear for human beings”) and class 35 with 11.28% (“Advertising; business management, organisation
and administration; office functions”) (WIPO 2019a) (see Figure C.13). From a firm perspective, “Nike
Inc.” has the most IPR documents in the data set, with 2,048 associated total IPR documents. The firm
has the most patent applications (1,861) and is one of the largest applicants for trademark protection,
with 187 trademarks. “Asics Corporation” has the highest number of trademark applications (307) (see
Figure C.14).

Figure 4.13 displays the 89 topics in Footwear. Eight topics are clearly either patent or trademark topics,
but the majority of topics displays no significant difference in occurrence probability in trademarks or
patents. Compared to Robotics, the highest frequency words are more focused on clothing items and do
not express a connection to innovation activities. Closer analyses are performed for patent and trademark
topics as well as for topics without a significant difference between patents and trademarks:

Patent Topics: The words with the highest frequency in patent topics are e.g., “sleeved”, “portion”,
“sole”, “boot”, “binding”, and “strap”. While topic 23 covers diverse aspects of clothing and is more
focused in trademarks than patents (Figure C.16), topic 25 reveals information on sole mounting
(Figure C.17) or topic 14 on ski bindings (Figure C.18). The topics are mostly consistent, with
the topics being present in patents and trademarks. The descriptions are generally less technical in
patents than in trademarks. In Topic 14 (Figure C.18), for example, aspects of skis and boots are
present in patents and trademarks. Patents are very detailed like “a safety ski binding mounted on
member movable with respect to the ski but fixedly secured thereto.”. The trademark descriptions,
however, do not disclose further information on the boot mechanisms and rather describe the
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Figure 4.12: Footwear Patent and Trademark Registrations per Year.
The figure illustrates the yearly filings of registered trademarks and patents in the Footwear data
set, with years referenced to the application filing year in trademark or patent application.
Source: Own representation based on the footwear data set.

application with “downhill ski equipment, namely, a flexible boot and rigid support combination
for use in skiing”.

LIS L3

Trademark Topics: The trademark topics cover “coat”, “top”, “sweater”’, “headgear”, and “sportswear”.

These are, in general, clothing items without a technical relation. Topic 12 (above 15%) and topic
41 (above 5%) are the topics with the highest occurrence probability in the data set. Topic 12
“coat, sweater, belt, sock, scarf” (Figure C.19) is not the focus of trademarks or patent documents.
The trademark descriptions are a list of clothing items that relate to the main words (“clothing,
namely, pants, shirts, sweaters, footwear, underwear, coats, ties, [...]”). The patent documents are
present also in other topics and cover aspects like rotatable shoe racks usable for belts. The clothing
items are thereby not the focus of inventions but cover products in trademarks or side-topics of
patent descriptions. The same applies to topic 41 (Figure C.20), where the patent documents are
only distantly related to the topic. The combination of patents and trademarks is, in general, more
consistent in the patent topics. While the patent documents contribute different inventions that can
be derived from the descriptions, the trademark documents only provide a list of clothing items
and no further detail for an improved understanding of the innovations in Footwear.

Neither: Most topics display no significant difference in occurrence probability in patents or trademarks.
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Examples are topic 21, topic 29, topic 56 and topic 70. Topics 21 and 29 are the most important in
that group. To cover services, topics 81 and 26 are of interest. Topics 56 and 70 are examples of
topics with consistent patent and trademark matching. Topics 21 (Figure C.21) and 29 (Figure C.22)
are the focus of trademarks and less of patents. The former is on shoes, the latter on dresses. The
main words in the topics are dominated by the trademarks associated with the topics. The patents
relate to, e.g. topic 21 and describe aspects of shoe and boot inventions. The trademarks only
contribute to final products without further details on the technologies behind them.

In topics 53 and 70, the patent and trademark documents are focused on each topic. Topic 53
(Figure C.23) focuses on “computer”, “electronic” and “devices”. Patent and trademark documents
provide information on the same areas and the topic is very consistent. Here again, patents describe
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Figure 4.13: Overview of the 89 Topics in Footwear.

The figure provides an overview of the 89 topics in Footwear. The topics are displayed according
to their relative share in the overall data set and ordered decreasingly. The colouring indicates the
significant document type, with a 95% confidence interval (Figure C.15). In case of no significant
difference, the colouring of the bar is kept grey. The legend on the right displays the topic’s
number and the five main words with the highest occurrence probability in the topic.
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in greater detail the invention, while trademarks focus on products like computer hardware, monitors
or drivers. According to the documents in which the topic is present (see also Figure C.23), this
covers for example a locket containing medical information that are incorporated in shoes (USPTO
patent No. 6419158) or stomp detecting sensors in shoes for use in playing computer games
(USPTO trademark No. 78683123). Another example is Topic 70 (Figure 4.14), that gives insights
on materials, forming and moulding. It provides further details also in trademark documents. The
different materials are described in detail. Here also, trademarks and patent documents are focused
on the topic.

Services are covered in topics 81 and 26. Topic 81 (Figure C.24) is a service topic. Both patents
and trademark documents are about service-related aspects, with aspects around the storing of
Footwear. Topic 26 (Figure C.25) covers more advertising and subscription aspects of Footwear.
Both service topics are generally consistent and reveal how services are used in the context of
Footwear.

Concerning the research questions, this implies the following:

RQ4.1: Can trademarks and patents be combined via their textual data on a detailed level?

The combination of trademarks and patents based on their textual data is possible, but the quality
of the combination varies. The topics provide insights into, for example, technological aspects or
materials when patent and trademark documents are consistently on the topic. Then, insights on
Footwear besides the final product can be gained. However, this is often not the case, with only
lists of clothing dominating the topics.

RQ4.2: Does the textual combination of trademarks and patents add new insights to the discussion of

innovation?

The insights gained for innovation research are less obvious than in Robotics. Foremost, the relation
of trademarks to innovation must be questioned. While some trademarks still provide similar or
further details, most do not provide additional information on the inventions or their application
areas. In consistent topics, a broad connection between patents and trademarks can be made. The
level of detail is however, less granular than in Robotics.

Overall, the Footwear topics are less consistent than the Robotics topics. The combination is thus
less reliable. The insights from the combinations are further limited: in topics with consistent results,
trademarks and patents broadly contribute to the same topic. However, the link to innovation is less clear
than in Robotics. The trademark documents also reveal a difference: The trademark documents consist
more of a list of application areas than precise descriptions of the inventions of shoes. This is particularly
noticeable when comparing the texts with robotics.
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: Main Patent and Trademark Documents in Topic 70 of Footwear Model 89.
The figure displays information on topic 70 of model 89. At the top, the five words with the
highest occurrence probability in the topic are displayed. Further, the three main documents are
selected per document type. The official registration number and a short snippet of the textual
description are given. The bar graph underneath each document’s header displays the document’s
overall topic distribution. This helps interpret the data as it provides information on the level of
focus on specific topics of the document.
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4.6 Discussion

Comparing Footwear and Robotics, the Robotics data set contains more patent documents than trademark
documents. In Footwear, the data set contains around five times as many trademarks as patents. For both
areas, for some topics a significant occurrence probability is observable for patents or trademarks. Yet, for
most topics no difference in occurrence probability between trademarks and patents is observable. Most
topics in Robotics and Footwear occur similarly in both IPRs. Within Robotics, the topic occurrence
probabilities of document types converge over time, with trademark probabilities converging towards
those of patents. In Footwear, the probabilities of patents and trademarks are clearly separated before
2000. Afterwards, they start to converge. However, the convergence is less pronounced than in Robotics.
For patent topics, trademark topics and topics without a significant difference in IPR occurrence, the
following can be said:

Patent Topics: Patent topics were, e.g., about signalling or positioning in Robotics or bindings, mount-
ing, or soles in Footwear. These are functions, mechanisms or parts found in technical products
but not final products themselves. The patent documents in Robotics were generally focused on the
resepctive topics, while the trademark documents were less focused on one topic.

Trademark Topics: Trademark topics covered clothing in Footwear and machines in Robotics, which
are broad categories of final products. In Robotics, the trademark documents were focused on the
topic, while the patents were less focused on the topic. The topics were, in general, in line with the
classification. Trademarks contributed further details on Robotics like unmanned aerial vehicles
or technical aspects that are described in the trademark applications like medical apparatus or
milking equipment. In Footwear, however, the topics displayed a listing of clothes in the trademark
documents.

Neither: Topics with no significant difference between the IPRs were, e.g., surgery or milking robots in
Robotics or clothing items in Footwear. In Robotics, the documents of trademarks and patents were
both focused on the topics and aligned. In Footwear, only some topics were consistent. Patents
provided more details on the invention than trademarks.

For reasons of robustness, models with different numbers of topics per area were also examined. The
results remained similar. Applied to the research questions, the following results:

RQ4.1: Can trademarks and patents be combined via their textual data on a detailed level?

The analysis displayed mixed results. In Robotics, the combination of trademarks and patents via
their textual data displayed consistent results. The topics occurrence probability in trademarks and
in patents converged over time, highlighting that the two data sources are increasingly aligned.
Thereby, the level of details in trademark descriptions increased over time: While “Industrial
Robots” or other short trademark descriptions were common in the 1980s in Robotics (like in
USPTO trademark serial no.’s: 73325186 or 73422044), the detail of the description increases
to, e.g., “Robots for personal, educational and hobby use and structural parts therefor; robots
for educational use in schools and components and sub-assemblies for use with the robots; robot
kits comprised of servos, wheels, threaded nuts, screws, and structural parts; and software for
controlling robots” (USPTO trademark serial no.: 86871821). The textual combinations were in
line with the classifications of patents and trademarks but provided a more detailed perspective.

In Footwear, the combination of patents and trademarks was only partially consistent. The data set
consisted mainly of trademarks, only a small number of patents was available. The information
contained in the textual data of trademark and patent was very different. Trademarks revealed little
information on inventions to generate overall consistent topics. The Footwear trademarks mostly
focused on final products without any or only some further detail. An example is USPTO trademark
serial no. 75456406: *‘Clothing, namely, pants, shirts, sweaters, footwear, underwear, coats, ties,
sweatshirts, scarves, belts, gloves, hats, socks, jackets and blazers.” The trademark descriptions of
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topics with consistent results displayed a different textual structure. Here the trademarks provided
more information than just the final product, with higher similarity to patent abstracts, like USPTO
trademark serial no. 73680169: “Sheets of composite material comprising filamentary material
embedded in a polymeric matrix for reinforcement of footwear and protective armor.”

In general, the trademark descriptions in Footwear are less specific regarding the production of
Footwear than the trademark descriptions in Robotics. They contain rather different application
areas of trademark themselves, like other forms of clothing, than further information on the
background or related innovations. In analysis of the topics, it became obvious that compared to
Robotics, Footwear is a low-technology area with fewer inventions and technological applications.
Firms are more focused on the marketing of their products than in the invention of new technologies.

Generally, the combination of trademarks and patents is possible. However, the level of detail
available in trademark descriptions differs depending on the innovation area looked at and the
time covered. This influences the consistency of the topic modelling results. Consistent topics
are necessary to cover additional insights with trademarks. This needs to be considered when
trademarks’ textual data are used to analyse innovation.

RQ4.2: Does the textual combination of trademarks and patents add new insights to the discussion of
innovation?
Different aspects are again considered to answer the question of additional insights on innovation
through the combination of trademarks and patents via their textual data:

Trademarks and Innovation: The first aspect concerns the innovative content of trademark de-
scriptions. This is relevant, as the combination should add information to the discussion.
Therefore the trademarks need to relate to innovation and add additional insights to the
discussion on innovation.

In Robotics, the combination of trademarks and patents in topics was generally consistent.
The topic words, the trademarks and patents, as well as the classes, were thus aligned. The
trademark documents covered the same area of inventions as patents. The representation
of each topic in patents or trademarks varied depending on the subject covered. Some
topics, like unmanned aerial vehicles, were present more in trademarks than patents. In
Footwear, the topic consistency was given only for some topics. In these cases, trademarks
did provide additional information on innovation, like materials. Often trademarks provide
only information on the products without further details on the related inventions or application
areas.

Overall, the relation of trademarks to innovation is partly visible in the text data, partly the
textual data rather suggests a marketing focus. The degree to which information on innovation
can be extracted from trademarks highly depends on the innovation area. A certain degree
of technological relatedness is required to combine trademarks and patents and to generate
topics in trademarks where additional information on innovation is available.

Market and Products: A disadvantage of patents is the unclear diffusion of inventions into the
marketplace. Trademarks cover the market introduction; the combination could help ensure
that an innovation and not just an invention is covered. In addition, trademarks are known for
their market application. Therefore, trademark topics should be mainly about products.

Most topics in Robotics and Footwear did not display a significant difference between trade-
mark or patent occurrence probability. In Robotics, the topics’ combination of patents and
trademarks was very consistent, and the documents were well aligned. In that aspect, trade-
marks ensured the market perspective of the invention topic covered in patents. Even though
this does not ensure the introduction of an individual invention, this nevertheless shows that
the subject area of several inventions is used in the market. This takes into account that the
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invention and the market introduction might be performed by different firms. Market and
product applications were also described in patents but not as the main focus. At the same
time, patents helped to interpret and bundle trademarks, as the patent classification system
provided more structured details than the trademark classification system.

For the topics that were significant in patents or trademarks in Robotics, it became obvious
that the trademark topics covered more different application areas of Robotics like energy or
education or covered the final product. Patent topics were stronger in the technical aspects.
In Footwear, the topics of patents and trademarks were often not consistent. Therefore, the
trademarks could not provide clear details about the market introduction of inventions. The
trademarks provided the market introduction perspective for the topic in the case of consistent
topics. Then, the inventions described in patents were equally present in the description
of trademarks. In Footwear, the trademarks were mostly focused on final products without
further details on their invention. Here the advantage of the combination and textual data of
trademarks for innovation research needs to be questioned.

In general, trademarks cover more final products and the market perspective. They can add
the market and product perspective in the analysis of innovation, while patents focus more in
detail on the inventions behind them. However, the quality of the results depends highly on
the application area analysed and the trademarks covered in the data set.

Services: One of the main intentions of the combination of trademarks and patents was to cover

services in the context of innovation better. The question is whether the textual data of
trademarks did provide additional insights.

The service topics were present either in trademark topics or in topics with a similar occurrence
probability in patents and trademarks. In Robotics, a tendency of these topics to occur
in trademark was observable. The services are related to education, development, and
entertainment. Further, service robotics areas like milking or surgery were covered by topics
with similar occurrence probabilities in trademarks and patents. Trademarks and patents thus
equally captured these areas. In Footwear, service or retail topics were equally represented
in trademarks and patents. Insights on services could thus be gained from both data sources,
with a higher representation in trademarks.

Overall, services without a straightforward technical application are more in trademarks like
entertainment or education. However, services with a technical component are also observable
in patents like service robotics or footwear subscriptions. This is in line with Blind et al.
(2003) that find that services with technical aspects are also present in patents. Thus, the
inclusion of trademarks provided additional insights on services and highlighted the service
areas in Robotics or Footwear.

Technical innovation: Inventions protected by patents are required to cover a technical aspect.

Trademarks do not have an invention or technology requirement. Information on the tech-
nologies themselves may not be displayed in trademarks.

The patent topics in Robotics and Footwear mostly covered technical aspects and focused
on functions or components. In Robotics, trademarks also contribute detailed technical
information on various topics independent of the significant IPR. An example is trademark
serial no. 87255341: “Surgical, medical, dental and veterinary apparatus and instruments,
in particular, medical devices, namely, access devices in the nature of trocars for use in
manual and robotically-assisted minimally invasive surgical procedures in the nature of
laparoscopic, endoscopic,gynecological, urological, thoracic, colo-rectal, gastrointestinal
and bariatric and general surgery; [...]”.



4.7 Conclusion and Further Research

In Footwear, however, the technical details are provided mainly by patents and rarely by trade-
marks. Regarding contribution, patent descriptions still provide more technical information
than trademarks. Yet, the level of detail in trademarks increases, as described above.

In summary, trademarks do contribute further details to the discussion of innovation. Trademarks
shed light on the market application of inventions and include further details on, e.g., services.
Technical aspects are also covered, but are still more important in patents. The insights gained
from trademarks still depend on the consistency of the topics and the innovation areas covered.
Yet, the share of trademarks in technical topics and also the level of detail in trademark description
increases. Thereby, the potential additional information that can be extracted from trademark
descriptions increases, which makes them increasingly interesting for further textual data analysis.

The textual data analysis revealed differences in trademark descriptions. It is interesting to note the
different details of the documents depending on the area covered. In Robotics, trademarks do not provide
the same, but similar information as patents. The share of each IPR in each topic thereby varies. This
makes the combination interesting as, for example, trademarks can cover service-related topics, or the
diffusion of inventions can be ensured. In the low-technology area of Footwear, patents and trademarks
and associated textual descriptions diverge largely, with trademarks providing, in general, less information
on technological and innovation aspects. The structure of the trademark descriptions also differs, with
trademarks in Robotics providing further details on the products, while in Footwear, a list structure is
observable. This affects the consistency of the topics.

In general, it seemed like the trademarks of Robotics did cover largely innovations, while the trademarks of
Footwear mostly covered marketing aspects. Only the trademarks in topics with high consistency between
patents and trademarks seemed to relate to innovation. The possibilities to combine and the level of detail
are thus sector or technology-area specific and require the coverage of innovation in trademarks.

4.7 Conclusion and Further Research

This chapter addresses the potential of textual data of trademarks in combination with patents for innova-
tion research. Textual data thereby allow for an increased level of detail to overcome current limitations
of trademarks, such as limited classification systems, difficult combinations with other data sources or
missing checks for innovativeness. At the same time, limitations of patents, like the missing market
introduction, could be overcome. The research questions, therefore, address whether trademarks and
patents can be textually combined and to what extent this combination contributes to the understanding
of innovation.

The combination of patents and trademarks is performed via Structural Topic Modelling on the innovation
areas of Robotics and Footwear. Robotics serves as a representative for a high-technology area, while
Footwear represents a low-technology area. The structural topic modelling approach uses textual data of
the USPTO trademark goods and service descriptions and USPTO patent abstracts as input. The model
extracts topics from the data sets that are then analysed.

For the first research questions, the resulting topics are assessed in terms of consistency to answer the
question of the possibility of combining patents and trademarks on their textual data. In Robotics, the
topics displayed a high consistency and trademarks and patents described similar subjects. The topics
generally corresponded to the classification of patents and trademarks but were even more detailed than
these classifications. Here, the trademark classifications were the most abstract; the patent classification
already provided more detailed information, and the topics focused on detailed subjects with correspond-
ing granularity. In Footwear, this was only observed in some topics where trademarks and patents were
considered consistent. Then, the trademarks showed more detail than those in non-consistent topics.
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The general impression was that a difference between the innovational content in textual data of trade-
marks exists that is also observable in the structure of the trademark descriptions. The possibility of the
combination is thus very dependent on the area covered.

To study the additional insights gained from the combination of textual data of patents and trademarks for
innovation research, common conclusions concerning the data sources were drawn from the literature.
These covered the innovativeness of trademarks and the coverage of the product, market, service and
technical innovations in patent and trademark data. In Robotics, the trademarks were aligned with the
patents and provide detailed information. Trademarks here contributed information on services and
included the market perspective. Trademarks and patents covered technological aspects, with patents still
providing more details. The topic presence in patents and trademarks varied depending on the subject.
The combination could thus cover additional insights as both data sources highlighted different areas and
contributed different information. In comparison, the Footwear analysis and especially the trademarks did
often not cover central aspects of the innovations. Only some consistent topics revealed some insights.

To conclude, the combination of trademarks and patents can bring interesting insights, with trademarks
being strong in services and market application and patents covering technological aspects. The text-
based combination is possible and overcomes existing limitations of the classification systems. However,
it is highly dependent on the area analysed. High topic consistency is required in order to gain additional
information on innovation. The chapter contributes to a better understanding of textual data of trademarks
in different innovation areas, helps to overcome the existing limitation of the data sources, and serves as
a basis for further textual analysis of trademarks and patents.

The analysis revealed several areas for further research: The trademark descriptions revealed consistency
with patents and also a link to innovation. However, further research is necessary to understand, if
the textual data of trademarks in these consistent topics only cover the market introduction or also new
aspects themselves. In addition, it was observed that the trademarks of different innovation areas and over
time revealed a different structure. This structures of trademarks could be used to separate innovative
from non-innovative trademarks. Even if the innovation content is difficult to assess, focusing only on
trademarks with a high level of information to be extracted might be of interest. The reasoning behind
the varying level of detail in the descriptions of trademarks also remained unclear. A reason might be the
more technical background of Robotics where the advancement of the technology is an important aspect
versus the more marketing focus of Footwear, where the brand and style is more important than a new
invention. Here, further research is necessary. The analysis in Robotics and Footwear covered a high-
and a low-technology area, with varying results. Analysing additional innovation areas with varying
levels of technology may offer further insights into the differences within the textual data of patents and
trademarks. On a content level, trademarks and patents were combined based on joint topics and not
based on individual firms. The idea was that multiple firms might contribute to a topic with inventions
and product introductions. Further research is necessary to disentangle the innovation contribution of
several firms to the same topic and the patent and trademark coverage. Lastly, it is interesting to use the
textual combination of patents and trademarks to extract insights into various fields.
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5 Revealing Technological Transformation and
Firm Involvement through IPRs and Networks

The transformation of both low-technology and high-technology sectors is being driven by advance-
ments in information and communication technology. However, low-technology sectors tend to be
under-represented in discussions about innovation, especially when relying on patent-based indicators.
Consequently, capturing the ongoing changes in these sectors poses a significant challenge. This chapter
seeks to evaluate this transformation by leveraging a combination of patents, trademarks, and designs to
achieve a more comprehensive understanding of sector activities. Its objective is to assess the capacity
of these intellectual property rights (IPRs) to capture the shift from low-technology to high-technology
sectors and to provide deeper insights into the sector’s development. Moreover, this chapter adopts a
firm-centric perspective to comprehend the role played by firms in driving this transformation. Addi-
tionally, it explores whether there are any changes in IPR usage patterns over time. To explore this, the
chapter focuses on the transformation within the musical instruments sector. To achieve this goal, the
chapter extracts trademarks, patents, and designs relevant to musical instruments. It combines their tex-
tual data using Structural Topic Modelling to estimate the topics most pertinent to musical instruments.
Based on these topic estimates, networks are constructed to evaluate the sector’s transformation. These
networks illustrate differences between electronic and classical musical instruments. Electronic topics
predominantly feature in patents, with trademarks gaining significance over time. Designs serve as a
bridge between patents and trademarks, connecting the topics associated with both. Topics linked to
digital sound creation and mobile aspects are more closely associated with trademarks, while classical
instruments are more prominently covered by trademarks. To provide a more comprehensive under-
standing, these networks are further enriched with firm-specific information. These networks unveil a
thematic positioning of firms, aligning with their backgrounds. For example, hardware and software
companies are more active in patenting, while retailers and gaming firms tend to focus on trademarks.
In conclusion, the combined use of different IPRs effectively mirrors the technological transformation
within the sector and enriches the discussion with context-specific information about the transformation
process itself.

KEYWORDS: Sectoral Transformation, Intellectual Property Rights, Patents, Designs, Trade-
marks, Structural Topic Modelling, Text Mining, Textual Data

JEL Code: 033,034
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Musical instruments are an important cultural asset, and the production is a craft rich in tradition. For
example, German organ building was recognised as an intangible cultural heritage in 2018. Organ building
can look back on 2000 years of history (DUK 2018). Germany is considered a traditional manufacturing
country for musical instruments, dating back to the 13th century (Bocher 2008). Playing a musical
instrument remains important for a large part of the German population: A survey in 2021 revealed that
around 13,8% of the German population above age 14 play a musical instrument and around 1.97 million
people do this several times a week (VuMA 2021). The musical instrument sector is further of economic
relevance: In Germany, the sector revenue reached 756,38 Million Euro in 2019 and is expected to grow
above 800 Million Euro by 2025 (Statista 2021). Worldwide, revenue reached 34,15 Billion Euro in
2022 and is expected to grow by 8.28% per year to above 50 Billion Euro until 2027 (Statista 2022).
Musical instruments and their parts or accessories are additionally traded internationally and shipped
around the world (OECD 2021). Interestingly, a technological transformation is taking place in the
musical instruments sector: Enders (2017) notes a change in musical instruments towards electrification,
modularisation and digitalisation of musical instruments. This change implies a transformation from a
traditional low-technology sector with activities in the production, retail, and repair of these instruments
(Eurostat 2008) to a sector with activities in high-technology areas like the production of amplifiers
for musical instruments. This is reflected in the global revenue, which covers not only classical music
instruments but also electronic and electromechanical musical instruments and the components and parts
thereof (Statista 2022).

A change towards electrification and digitalisation is not only taking place in the musical instrument sector
but is observable in all sectors, independent of being considered a low-technology or high-technology
sector: Authors find evidence for transformation in the footwear sector (Raffaeli and Germani 2011), in
the financial industry (Cuesta et al. 2015; Brandl and Hornuf 2020), in the energy sector (Erlinghagen
and Markard 2012), in life sciences (Gbadegeshin 2019) or the automotive sector (Llopis-Albert et
al. 2021). The technological diversification in the sectors is not only driven by the information and
communication (ICT) industry, but also non-specialised industries are contributing to the development
(Mendonca 2006). Likewise, Mendonca (2009) state that the boundaries between low-technology and
high-technology sectors are blurring in the wake of digitalisation.

Overall, therefore, not only are high-tech sectors changing, but low-tech sectors are also changing. In the
case of musical instruments, this means that electrification and digitisation are reinventing traditional,
classical instruments with electronic possibilities. For example, an electronic piano still uses keys to
strike a note, like a classical piano but generates sound not by strings but by electronic components and
amplifiers. Even though innovation accordingly also takes place in the traditional low-technology sectors,
these are often overlooked in the discussion of innovation (Hirsch-Kreinsen 2008). However, a better
understanding of these sectors is of interest, as they absorb technologies and contribute to technological
progress: Mendonga (2009) find that traditional, low-technology sectors are taking in knowledge and
adapting it to their field of activity. Further, Also Neuhdusler and Frietsch (2015) find that low-technology
sectors are increasingly active in high-technology areas and vice versa. This chapter, therefore, intends to
assess musical instruments to contribute to the discussion of technological transformation. Erlinghagen
and Markard (2012) further note that a closer look at firms and their contribution could add explanatory
power to the overall discussion of transformation. It is thus of interest to understand the transformation
in musical instruments, how the aspects of high-technologies change the sectors and how this relates to
the firms involved.

Intellectual property rights are of interest to study the transformation, as patents, trademarks, and designs
are all applied protection rights in musical instruments. Patents do, in general, cover innovation activities.
However, sectors with low-R&D intensity are significantly underestimated, with patents as the common
data source for innovation. Most patenting activities still relate to R&D-intensive technologies, even
though patenting activities in non-R&D-intensive technologies are increasing (Neuhdusler and Frietsch
2015). In terms of transformation due to digitalisation, patent-based indicators further underestimate
software-based innovations or organisational changes (Mendonga 2009). In low-technology sectors
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Figure 5.1: Musical Instrument IPR Registrations per Year and per IPR Type.
The figure illustrates the yearly filings of registered designs, trademarks and patents in Musical
instruments, with years referenced to the application filing year in design, trademark and patent
application.
Source: Own representation based on the musical instrument data set.

(Millot 2009) and in small and medium-sized firms (Flikkema et al. 2014), trademarks are used to a
greater extent. In musical instruments, trademarks, in general, can be considered an indicator of musical
instruments due to the importance of the origin of an instrument. E.g., a Stradivarius violin is immediately
considered high quality and value. As the sound body and, thus, the product design plays a unique role in
the sound generation of musical instruments, design protection is further relevant in musical instruments.
Design protection is further a complement to trademarks in case of non-applicability of patents (Crouch
2010). Moreover, each intellectual property classification system considers musical instruments as a
separate category, which underlines the frequent use of IP rights for musical instruments.

The combination of patents, trademarks and designs is considered to assess the change in musical
instruments and to gain further insights into firms’ involvement. In addition, technological transformation
in the sector could lead to a change in the application of intellectual property rights: Musical instrument
activities are considered to change over time from classical musical instruments to electronic musical
instruments. Therefore, innovations related to the electrification and digitisation of musical instruments
will become more relevant over time. This change should change the focus of firms, or the participation
of firms in general, potentially involving more high-technology firms. Technological change should lead
to a shift in the use of intellectual property rights toward more patenting. However, this is not the case,
as seen in Figure 5.1. Contrary to the assumption that patents cover technology and are applied more
frequently as electronic activities increase, trademarks began to overtake patents in 2004. A detailed
analysis of IPRs in terms of topic coverage and transformation in musical instruments will be carried out
to understand this pattern.

The combination of patents, trademarks, and designs in this chapter is achieved with the textual data of
each data source. Textual data analysis furthermore provides content-wise information on transformation
and the firms involved. Topics are extracted from the textual data to understand the transformation and
IPR coverage. This is done with Structural Topic Modelling based on Roberts et al. (2019). The approach
enables the combination of different data sources and maps the transformation in musical instruments
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across topics. The topics are related to each other, and their linkages are used to create a topic network
with topics as the nodes and their relation as the links. The networks are used to identify patterns and
changes related to the transformation, firms and intellectual property rights. The analysis reveals that
trademark registrations surpass patents in general and electronic musical instruments. The trademarks
thereby cover, among other things, aspects of digitalisation and data and remain strong in classical
musical instruments. Networks are also used in the analysis to assess the connection between topics
and their relationship to firms. The networks reveal that over time, firms from high-technology areas
like information and communication technology become active and contribute their technical knowledge
to the field. But also known musical instrument producers contribute to technological transformation.
Furthermore, a firm-specific application of IPR can be observed. Firms with a background in hardware and
software are more involved in patent topics, while gaming firms are more likely to protect digital aspects
through trademarks. Overall, the analysis contributes to a better understanding of the transformation,
the related use of intellectual property rights and firms’ involvement. The chapter contributes to a better
understanding of technological transformations in low-technology sectors in general.

The remainder of the chapter is organised as follows: Section 5.1 discusses the transformation in musical
instruments and Section 5.2 different sectors and their relation to intellectual property rights. Section 5.3
presents the methodology and data to answer the research questions. The results are presented in two
parts: a sectoral perspective in Section 5.4 and a firm perspective in Section 5.5. Before concluding the
chapter in Section 5.7, the results of both parts are jointly discussed in Section 5.6.

5.1 Technological Transformation of Musical Instruments

Despite having a long history and tradition, musical instruments are subject to constant change. Electrifi-
cation has been taking place since 1900, later modularisation, and since the 1980s, all the components for
the digitisation of musical instruments have been available. Modularisation allows the free combination
of further components, such as synthesisers, while digitisation includes digital sound generation and
processing. This development continues with software-based applications, the simulation of traditional
instruments, or the application of artificial intelligence (Enders 2017). New technological opportunities
change the production and consumption of music. New music genres like rock music evolved, enabled by
improved or new musical instruments. E.g., improved mechanics in pianos or wind instruments increased
volume and improved intonation, while electronic and digital technologies enabled electric guitars or
synthesisers (Lerch 2018). However, unlike an acoustic guitar, an electric guitar cannot stand alone. It
needs other components, such as amplifiers or pedals, influencing the sound (Théberge 2017). In terms of
transformation, this could indicate that different firms are involved in covering the different requirements
of the instrument.

The definition of musical instruments is broad: von Hornbostel (1933, p. 129) defines musical instruments
as everything “with which sound can be produced intentionally” and thus proposes the term “sound-
producing instruments”. Hardjowirogo (2017) considers the definition of musical instruments in a
modern context, where electronic devices such as cell phones can produce sound. She names seven
dimensions relevant for musical instruments: (1) Sound Production analogous to von Hornbostel (1933),
(2) Intention, (3) Learnability through exercises, (4) Playability or controllability where actions result
in sounds. (5) expressivity of play, (6) cultural embeddedness and (7) audience perception. As a
sub-sector of the music ecosystem, the musical instrument sector includes manufacturers of classical
and electronic musical instruments and retailers. Overlaps with Audio Equipment & Loudspeakers
distributors and manufacturers are possible via e.g. the development of amplifiers for musical instruments
(SoundDiplomacy 2021).
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5.2 Technological Transformation of Sectors

Digitalisation and electrification are not only relevant in the musical instruments sector. According
to Mendonca (2006), ICT is one of the main components to drive technological diversification. The
development of ICT is driven by specialised and non-specialist industries, having their main technological
capabilities elsewhere, contributing to the development. After looking at a sector perspective, Mendonga
(2009) concludes that separating sectors into low- and high-technology might be questioned in the
wake of renewal due to ICT. Several authors find evidence for an ICT-induced transformation: In the
footwear sector, there is a need for ICT solutions to reduce labour costs. Automation can support shoe
design through virtual prototyping and accelerate processes (Raffaeli and Germani 2011). In the financial
industry, FinTechs provide novel offerings, which forces banks to change their offerings and pursue digital
strategies (Cuesta et al. 2015). Banks are still reluctant to embrace the change, but new technologies such
as blockchain can potentially disrupt the financial industry (Brandl and Hornuf 2020). In the energy sector,
ICT firms introduce new business models and technologies. For example, ICT firms promote mobile
communication, while incumbents support power line communication. ICT firms and startups are often
enterprise software providers (Erlinghagen and Markard 2012). In retail, digitalisation caused more data-
driven offerings. Especially multi-sided digital platforms like Amazon.com or Alibaba Group generate
value through their digital ecosystem (Hanninen et al. 2017). In life sciences, digitalisation changes
the commercialisation process from simultaneous to parallel, from product development to marketing.
With Al or big data analytics, e.g., methods, trends or upcoming technologies are identified early on
(Gbadegeshin 2019). In the automotive sector, digitalised processes create a competitive advantage for
service and product development. Environmental requirements and demand in e.g. digital services, or
autonomous vehicles fuel the transformation (Llopis-Albert et al. 2021). However, according to Mendonga
(2009) patent-based indicators do not cover the breadth of the transformation in mature industries as they
underestimate software-based innovations or organisational changes. Transformation due to technological
development is taking place across sectors: Mendonga (2009) analyses the performance of all sectors
in new technologies such as information and communication technology (ICT) or biotechnology-based
on their patenting activities. The author finds that low-technology and high-technology sectors perform
similarly, even though the measurement of patenting underestimates the innovation activities in areas like
software. The sectors do not only adapt technologies but also contribute to their development.

Yet, low-technology or traditional sectors are often overlooked in the analyses of their innovation activity in
the consideration of the knowledge society (Hirsch-Kreinsen 2008). However, these sectors not only apply
technologies but also stimulate innovations in high-tech sectors through their demand. For the generation
of new knowledge in the low-technology sectors, the absorption of external knowledge and the relationship
to high-tech sectors are particularly relevant (Hirsch-Kreinsen 2008). In Germany, for example, low-
technology or non-R&D-intensive sectors are of considerable economic relevance. Thereby, the group of
low-technology sectors is heterogeneous, so each sector has its particularities (Wydra and Nusser 2015).
Due to the importance of these sectors, several authors advocate the comprehensive inclusion of the
sectors in the economic analysis (Hirsch-Kreinsen 2008; Wydra and Nusser 2015; Som and Kirner 2015).
The sector classification is based on the intensity of R&D spending: High-technology industries have a
higher average intensity by value-added and by production than low-technology industries. However, this
does not mean that a high-technology industry cannot be involved in low-technology products (OECD
2011). Thornhill (2006) analyses firms and innovation in Canada and finds that high-technology firms
introduce more new products than low-technology firms, whereas Hauknes and Knell (2009) observe
knowledge transfers from high-technology to low-technology sectors. Still, they find only a little evidence
of knowledge transfers in the other direction.

In musical instruments, the sector’s economic activities vary from low to high technology activities,
which also relates to low to high R&D intensity. According to the NACE Rev. 2 !, economic activities
in the field of musical instruments belong to classes shown in Table 5.1. Most activities are related to

l“Nomenclature statistique des Activités économiques dans la Communauté Européenne” (Eurostat 2008)
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low- or medium-low technologies in manufacturing or less knowledge-intensive services. The related
R&D-intensity is on a medium or low level. Only the production of amplifiers as part of electronic
musical instruments is classified as high-technology activity.The low- to high-tech activities align with
the expectation that the knowledge required to produce and create these instrument types thus differs.
Electronic musical instruments require knowledge of technological aspects. Classical instruments are
often handcrafted based on experience and feeling. Unfortunately, the ratio of each activity for the sector of
musical instruments remains unclear. As the change toward the increasing application of digitisation and
electrification of musical instruments takes place, the importance of high-technology activities is expected
to increase over time. However, low-technology activities such as musical instrument manufacturing or
repair will remain important for classical musical instruments.

Table 5.1: Economic Activities and R&D-Intensity in Musical Instruments

Musical Instruments

Technology Classi- NACE Rev. | Description R&D R&D Intensity
fication 2 Intensity  Classification
(%)
Manufacturing
High technology 26.40 Manufacture of consumer electronics; in- | 24.05 High R&D intensity

cluding manufacture of amplifiers for musi-
cal instruments and public address systems

Medium-low tech- 33.19 Restoring of organs and other historic musi- | 1.93 .
nology cal instruments Medlu.m R&D
L intensity

32.2/32.20 Manufacture of musical instruments 3.52
Low technology o

32.40 Manufacture of toy musical instruments 3.52

Services

46.49 Wholesale of other household goods; in- | 0.28
Less knowledge- cluding wholesale of musical instruments
intensive (market) Low R&D intensity

47.59 Retail sale of furniture, lighting equipment | 0.28
and other household articles in specialised
stores; including retail sale of musical in-
struments and scores

services

77.29 Renting and leasing of other personal and | 0.18
household goods; including jewellery, mu-
sical instruments, scenery and customers
95.29 Repair of other personal and household | 0.11
goods; including repair of musical instru-
ments

The table offers an overview of economic activities in the field of musical instruments. On the left, technology
classification and NACE Rev. 2 codes are displayed. On the right, R&D-Intensity and classification information
is provided. The descriptions are in the center. The relationship between NACE Rev. 2 and R&D intensity is
established through the use of 2-digit ISIC codes. The classifications are categorized into manufacturing and
services.

Source: Own representation based on Eurostat (2008), Eurostat (2021b), and Galindo-Rueda and Verger
(2016).

Concerning intellectual property rights, Neuhdusler and Frietsch (2015) find that, on the one hand, firms
from the non-R&D-intensive sectors are increasingly patenting and applying high-technologies, and on
the other hand, firms from the high-technology, R&D-intensive sectors are increasingly active in non-
R&D-intensive sectors. Of all EPO patents from 2000 to 2010, only 40% related to non-R&D-intensive
technologies. However, non-R&D-intensive firms increasingly enter the high-technology area: Patents of
German firms belonging to non-R&D-intensive sectors contribute 7% to advanced technologies or 28%
to high technologies. Likewise, the shares of high-technology firms in non-R&D-intensive areas have
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increased. In comparison, Millot (2009) finds that trademarks play a major role in the low-technology
sector and are used to a greater extent than patents. Apart from patents and trademarks, industrial designs
are of interest in traditional sectors: In the furniture industry, for example, a traditional low-tech sector
with high importance on design, design is a question of innovation (Lindman et al. 2008). Crouch (2010)
further argues that design protection complements trademarks and can be a fallback if patent protection
fails. Brem et al. (2017) find that industrial design applications and designs in combination with open
innovation in SMEs and trademark application in small firms relate positively to firm performance.
Overall, sectors with low technology intensity are often overlooked in the analysis. Patent-based analyses
do not well cover these sectors. Especially trademarks, but also designs, could be alternative data sources
for the coverage of innovation activities.

Overall, the boundaries between low-technology and high-technology, between R&D-intensive and non-
R&D-intensive sectors, are blurring. Across all sectors, transformation is taking place, driven by e.g.,
digitalisation and ICT. Patents capture some of the innovational activities and the transformation in the
sectors but do not provide a comprehensive picture. A combination of designs, trademarks and patents
could capture the sectoral transformation. Erlinghagen and Markard (2012) note that in the discussion
of transformation, a closer look at the firm types involved and their contribution would help provide
explanatory insights.

As becomes obvious, musical instruments cover low and high technology. Patents, trademarks and designs
protect innovations in that sector (see also Subsection 5.3.2). To better understand transformations with
IPR use, this chapter analyses the transformation of the musical instrument sector in relation to the
use of patents, trademarks, and designs. First, it is interesting to understand the sector’s technological
transformation and then relate this transformation to the use of intellectual property rights (IPRs). Second,
as firms are involved in the development, it is of further interest which contributes to the transformation
and how these firms apply IPRs. Overall, this leads to two perspectives: A sectoral perspective of the
transformation with a focus on technological transformation from low-technology to high-technology and
a firm perspective to understand firms’ contribution to the transformation. The related research questions
(RQs), therefore, are:

RQ@5.1: What is the nature of the sector transformation from a low-technology sector to a sector with
low- and high-technology?

RQ5.2: How does the transformation relate to IPR use?

The related research questions from the firm perspective are:
RQ5.3: Who contributes to the transformation?

RQ5.4: How does this relate to IPR use?

5.3 Methodology and Data

To analyse the transformation of the musical instrument sector and innovation activities, textual informa-
tion based on patents, trademarks and designs is used as input. The use of these three intellectual property
rights ensures that low-technology aspects, as well as high-technology aspects of musical instruments, are
included in the analysis. The textual data of the intellectual property rights should provide information
on the transformation and combine the different data sources. To answer the research questions, it is
necessary to understand what is happening in the sector. It is, therefore, of interest to understand the
thematic development of the sector. The thematic development can be extracted from the IPRs, since the
IPRs depict innovation activities and diffusion aspects. They can therefore provide a representation of
the activities in the sector. Furthermore, firms and topics are linked, so an analysis of the firms and their
involvement in the thematic development of the sector is possible.

97



Chapter 5: Revealing Technological Transformation and Firm Involvement

5.3.1 Methodological Approach

A structural topic modelling approach following Roberts et al. (2019) is applied to generate these topics.>
Topic modelling enables the discovery of unknown topics in textual data and the exploration of these
topics. To do so, the model first estimates the distribution of words in topics and second the distribution
of topics in documents. Like that, the model assigns words to documents based on the topic-document-
distribution. The model compares the resulting estimated documents to those provided to the model. The
model estimation is iteratively optimised so that the estimation and the provided documents converge.
This approach leads to the final analysable topics. The model requires the topic number as input, which
is defined externally. The model only estimates the topics’ content based on the textual data itself (Blei
et al. 2003). Furthermore, Structural Topic Modelling provides additional information to the model
that can influence the topic-word or document-topic distributions. It can then distinguish this additional
information and allows for its examination.

In the case of musical instruments, this results in the following approach, visualised in Figure 5.2. First,
musical instrument textual data from USPTO trademarks, patents and designs are extracted, preprocessed
and transformed.® This results in the text corpus necessary for the topic modelling. The corpus consists
of the documents, all words occurring in the documents and a word-document count. Then additional
information is provided to the model as topic prevalence, application year and IPR type. The topic
prevalence influences the topic-document distribution.

Application year refers to the year for which the trademark, patent or design is applied. This information
allows for different years to cover different topics. Application year as a topical content prevalence
enables an analysis of the topics over time and how the sector shifts in topics. As the topics can
have different relevance over time, a spline function accounts for the changes (s(year)).

IPR type refers to the type of IPR from which the textual data is extracted, patent, trademark or design.
This information allows for the different IPRs to cover different topics. IPR type as a topical content
prevalence enables an analysis of the topic coverage in different IPRs and how the IPRs capture the
transformation.

An interaction between the additional information is allowed (s(year)) - IPR type), meaning different IPRs
can cover different topics at different times. Structural Topic Modelling then estimates the topics. Model
selection then takes place, meaning that a suitable model is selected based on different metrics. This
is described in Subsection 5.3.3. The selected model is then analysed to answer the research questions.
Before providing the results in detail, the general approach is described in Paragraph 5.3.1.

Model Analysis Overview After the model selection, the model results are analysed. The analysis is
divided into two parts that address the sector and the firm perspective to answer the research questions:

Part I: Sector Analysis The sector analysis covers the first two research questions. The analysis con-
siders the technological transformation of the sector from classical to electronic instruments and
covers the different IPR types that lead to the topics. First, the perspectives of IPRs per topic
and the Hornborstel-Sachs Classification* are taken to address the transformation. These are two
dimensions used for data extraction. As seen in Figure 5.3, the yearly development is considered
(upper left corner). The development is divided into the dimensions under consideration. In the
example, these are electronic (blue bar) and classical musical instruments (red bar). In addition,

2For further detail on the approach also see Section 2.4 and Subsection 4.3.1.

3The process is described in detail in Subsection 5.3.2.

4The Hornborstel-Sachs Classification is a common classification system in musical instruments used since the early 1900s
(von Hornbostel and Sachs 1914). For the analysis, the instruments separate into string, percussion, and wind instruments.
Percussion instruments cover idiophones (vibration of the instrument itself) and membranophones (vibrating membrane).
Documents from musical instruments, which are not part of one of the three categories, are grouped under “Generic”.
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Trademarks Designs

Data Extraction based on Classifications and Keywords

\ 4
Musical Instruments
\

Pre-processing: Stop Word Removal, Common Words in
general and per IPR, Lemmatization

Transformation
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Corpus
\
Additional Information: Application Year, IPR Type
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Additional Information
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v

Topic Estimation with Structural Topic Modelling
(Topic Prevalence: s(year) - IPR type)
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\ 4
Model Analysis

I: Sector Analysis II: Firm Analysis

Figure 5.2: Approach Overview in Musical Instruments.
The figure illustrates the approach used in this chapter from data extraction to model selection. Data
extraction relies on trademarks and patents related to Musical Instruments. This data is subsequently
pre-processed and transformed to create the corpus for textual data analysis. Additional information
is added, forming the basis for topic estimation, which is carried out using structural topic modelling.
Among various topic estimations, a model with a specific number of topics is selected and employed
for the analysis in this chapter.
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Figure 5.3: Part I: Illustrative Sector Analysis Overview.
The figure provides an overview of the types of results provided in Section 5.4. The yearly
development is provided per e.g. IPR type, the Hornborstel-Sachs Classification, and musical
instruments (see Figure 5.12). The IPR occurrence is determined based on the number of associated
IPR documents. The main topics overview provides an overview of the main topics in the sample,
here separated per IPR type (see Figure 5.7). It is used to compare, for example, topics in different
IPRs and understand the topic occurrence. Topic documents provide then further details on the
main documents of a topic separated for different IPRs (see Figure 5.8). Finally, different networks
are analysed. An example of the topic-networks is provided (see Figure 5.19). Topics are the
nodes. The links between topics are determined based on the co-occurrence of the topics. The
nodes contain further information: the node shape displays the IPR with the highest relative share in
the topic. The node colour indicates the node’s relation, here, to electronic or classical instruments.
The node size displays the topic proportion in the data set.
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the main topics are considered (upper right corner). The x-axis indicates the probability that the
topic occurs in the model. In the example, the probabilities are further differentiated by IPR type.
This means that the probability of the topic occurring in the respective IPR is shown. These may
vary from IPR to IPR, as the topics covered in each IPR type are not necessarily the same. In
general, the consistency of the topics and thus the topic words and the main topic documents are
considered (lower left corner).

The analysis of the sector transformation is mainly performed on networks of the topics. The net-
work consists of nodes and links. The nodes represent topics amended with additional information
like topic number (label), topic proportion (size), IPR type (shape), and tendency to classical or
electronic musical instruments (colour). Depending on the network, the node’s colour can also
relate to, e.g. the IPR type or Hornborstel-Sachs-Type. This information is based on the documents
that are related to each topic. The links represent the correlation of topics. The correlation of
the topics is calculated with Pearson correlation®. The Pearson correlation returns the correlation
of two variables between -1 (strong negative correlation) and 1 (strong positive correlation). If
the correlation of two topics is larger than 0.08, it is displayed in the network. The higher the
correlation, the more likely it is that two topics co-occur. In the lower right corner, an example of a
topics-network is displayed. These networks are constructed from 1986 to 2015 and have five-year
intervals to identify patterns that explain the change. Clusters are identified via visual inspection
and are verified with short random walks to detect communities (Pons and Csardi 2021; Pons and
Latapy 2005).% The analysis can be found in Section 5.4.

Part II: Firm Analysis The interaction between topics and firms is the focus of the second part. As the
firms are owners of patents, trademarks, and designs, they can be related to topics. The analysis is
limited to the major firms in the data set. These are identified based on the number of applications
per firm over all intellectual properties. The firm’s names are cleaned before the firm identification:
The names are put in lowercase, and punctuation and spaces before or after the names are removed.
Further, the names are manually unified for the major firms in the data set. The unification implies

LR N3

that, e.g., “nippon gakki seizo kabushiki kaisha”, “yamaha corporation”, “yamaha corporation of
america”’, “yamaha hatsudoki kabushiki kaisha” and “yamaha international corporation” is unified
to “Yamaha Corporation” and displayed as Yamaha. No further aggregation is performed to assess

firms on an individual level. The IPRs are then grouped per firm to determine the major firms.

Based on the data, firms-topics-networks are created. The nodes reflect either topics or firms.
The topic nodes are labelled with the topic number. The node shape represents the IPR type
with the highest mean like design (round), patent (triangular), and trademark (rectangular). The
topics nodes are coloured blue (electronic instruments) or red (classical instruments), according
to the electronic or classical documents in the topic. Two topics co-occur if they both occur in a
document. Based on the joint occurrence of the topics in the documents, the Pearson correlation
between the topics is determined. A link between topics is displayed if the Pearson correlation
between the topics is larger than 0.08. The firm nodes are labelled with the firm name and have a
rhombus shape. The firm node colour represents the firm background of classical producers, game
developers, hardware, producers, other, retail, and software. The node size reflects the importance
of the firm or topic. Firms can be linked to topics via the occurrence of a firm’s document in a
topic. The firms are then considered to be active in a topic. Therefore, only the documents of the
specific firm are selected, and the mean occurrence probability of all documents for each topic is
calculated. The link is displayed if the mean occurrence probability of the firm’s documents is
larger than 0.02. Firms are not directly linked to each other, and no direct connection is displayed
between firms. Nevertheless, firms can be indirectly related through their shared activities in a
topic. For example, firm a and firm b are active in topic 1, so firms a and b are indirectly connected.

SThe calculation is based on the “cor()” function of package “stats” version 4.0.3
%The community detection function “cluster_walktrap” of igraph is applied (Pons and Csardi 2021), where sub-graphs or
communities are identified via short random walks (Pons and Latapy 2005).
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Figure 5.4: Part II: Illustrative Firm Analysis Overview.

The figure provides an example of the networks in Section 5.5. The network can be seen in closer
detail in Figure 5.23. The topics-firms-network contains several elements. The nodes relate to
topics and to firms. As several dimensions are shown in the network, the node shapes, colours
and labels are used to separate the different relations. The firm nodes are labelled with the firm
name. Firm nodes have a rhombus shape. Their colouring depends on the firm background. The
background is separated into classical producers, game developers, hardware, producers, other,
retail and software. Classical producers and producers are separated, as the former only produce
classical musical instruments, while the latter also produce electronic instruments. The topic nodes
are labelled with the topic number. The node shape of the topic is round for designs, triangular
for patents or rectangular for trademarks. The topics have been coloured either blue for electronic
The size of the nodes in both cases indicates the
proportion of the topic or firm in the model. Direct links exist between topics or between topics
and firms. A link between two topics is determined based on the co-occurrence of the topics and
a positive correlation between these topics. A link between a topic and a firm is based on the

instruments or red for classical instruments.

occurrence of IPR documents of the firm in a topic and the positive correlation between these.
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The network is extended with firm information to answer research questions on firm involvement
(see Figure 5.4). 7 To cover the sector’s transformation, the different networks are analysed from
1986 to 2015 and 5-year intervals. The analysis can be found in Section 5.5.

5.3.2 Data Extraction

For the analysis, textual data of patents, designs and trademarks are extracted from the USPTO. The data
extraction is based on a combination of official classifications of musical instruments and keyword-based
searches. Various queries identify the data related to musical instruments. For the official classifications,
classes of musical instruments are of interest. For the keyword-based searches, general terms of musical
instruments, as well as specific terms of musical instruments like organs, guitars or drums, are combined.

Classification of Musical Instruments In the context of musical instruments, the Hornborstel-Sachs
classification is of relevance (Dréager 1948): In 1914, von Hornbostel and Sachs proposed the classification
of musical instruments along four dimensions of tone generation: idiophones (vibration of the instru-
ment itself), membranophones (vibrating membrane), chordophones (vibrating strings) and aerophones
(vibrating air) (von Hornbostel and Sachs 1914). Idiophones and membranophones are occasionally
grouped together under percussion instruments (Marcuse and Bowles 2015). Sachs (1940) later mentions
the fifth dimension of electrophones with either electric sound creation or transmission. The Musical In-
struments Museums Online (MIMO) project updated the classification in 2011: Especially electrophones
are further divided into electro-acoustic instruments, electromechanical instruments, analogue electronic
instruments, digital instruments, hybrid configurations and software (MIMO-Consortium 2011). The
Hornborstel-Sachs classification continues to be used to organise musical instruments in museums and,
as such, remains a critical reference system to this day (Koch and Kopal 2014). Patents, trademarks, and
designs have their classification systems. However, the DPMA aligns the patent and the Hornborstel-
Sachs classification and assigns the existing patent classes to chordophones, aerophones and percussion
instruments. In this, percussion instruments cover idiophones and membranophones together (DPMA
2021a). The different available classifications are considered during the data extraction.

General Data Extraction The data extraction is performed in several steps. First, a general search is
performed for all three intellectual property rights based on the IPR’s classification systems, supplemented
by a general search on “musical instruments” or “music instruments”.

Patents: CPC? class G10 contains patents that are classified to relate to musical instruments. The G10
class is subdivided into the groups G10B to G10L mainly along the dimension of tone generation
(USPTO 2021a). The classification of DPMA (2021a) provided for chordophones, aerophones
and percussion instruments, as well as electrophonic and automatic musical instruments, serve
as a basis for the patent data extraction (see also Appendix, Query D.1). The extraction is
enhanced with all patents included in CPC classes “G10B”, “G10C”, “G10D”, “G10F”, “G10G”
and “G10H” and supplemented with keyword-based searches for “Zomusical instrument%” or
“Yomusic instrument%” (see Appendix, Query D.2 and Query D.3). All patents are granted.

Trademarks: The trademark data consists of trademarks extracted from the musical instrument Nice
class 15 and a keyword-based search of “%emusic%” and “%instrument%” in the trademark name
or pseudo mark or “musical instrument” or “music instrument” in the trademark description (see
Appendix, Query D.16). The keyword-based search in the trademark description is more strict,

"The analysis of S. Lee and Rha (2018) inspired the approach, as the authors display keyword and article nodes in the same
network to find network structures.

8The “Cooperative Patent Classification (CPC)” system of the USPTO and EPO classifies patents into more than 250,000
categories (EPO 2022).
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as the chance of including trademarks belonging to music and instruments but with no reference
to musical instruments is higher than in patents. Nice class 15 contains trademarks concerning
electronic, electric, stringed and mechanical musical instruments and musical boxes or robotic
drums. It does not contain an amplification apparatus or downloadable music (WIPO 2020a). All
trademarks considered are registered trademarks.

Designs: Designs related to musical instruments are also included in the analyses. U.S. designs are
organised in 33 classes under which design class “D17” relates to Musical instruments (USPTO
2005). Further, class “84” of the United States Patent Classification (USPC) with the title of music
focuses on musical instruments according to its description (USPTO 2012).° The query used to
derive the designs can be seen in Appendix, Query D.9.

Musical Instrument Specific Data Extraction The data extraction is refined with musical instrument-
specific words. The reasons are twofold: first, the different intellectual property rights classification
systems are not aligned. By searching for a specific list of keywords, the differences are addressed.
Second, the specific word list allows for the assessment of differences in the instrument related to the
Hornborstel-Sachs classification as the established classification system in the field. Thus, it is interesting
to assess whether the separation of the instruments in wind, string and percussion instruments helps
explain the sector’s transformation. The list of instruments used as a basis for the specific keyword search
is based on the trademark class 15 description (WIPO 2020a). The class description contains specific
instruments like accordions, harps, kettledrums, or saxophones. The instruments mentioned are manually
assigned to the classes of wind, stringed or percussion instruments and used as a basis for identifying
patents, trademarks, and designs in the specific classes. The instruments associated with each class can
be found in Table 5.2. In the case of patents, the wind instruments identified by terms are supplemented
with patents in CPC class G10B. Analogue for stringed instruments in CPC class G10C (Query D.1).

The data extraction is done prudently. All included documents fulfil the criteria. Nevertheless, the
data extraction approach includes producers of classical or electronic musical instruments and other
firms, for example, gaming firms. Although these firms are not immediately associated with musical
instruments, the text-based analysis reveals that they also contribute to transforming musical instruments
(seen in Section 5.5). It is in line with the report of SoundDiplomacy (2021), which points out that apart
from classical and electronic musical instrument manufacturers, e.g. audio equipment and loudspeaker
manufacturers are active in the field of musical instruments and develop amplifiers for musical instruments.
As seen in Table 4.1, amplifiers are part of the high technology activities of the sector. Thus, firms with
diverse backgrounds likely contribute to the transformation of musical instruments.

Electronic and classical musical instruments The data set is further separated into classical and
electronic musical instruments to cover the technical transformation in musical instruments, especially
electronic instruments. The electronic musical instruments are identified based on the data sets created
for musical instruments and their subgroups of wind, stringed and percussion instruments. Therefore,
‘YJoelectr%’ is searched in the title, claim, abstract or statement depending on the related IPR (see also
Query D.7, Query D.14, Query D.21). Utility patents in class “G10H” are also associated with electronic
musical instruments (Query D.1). All musical instruments not included in electronic musical instruments
are assigned to classical ones. Therefore, each document is either assigned to the electronic or the
classical data set (Subsubsection D.1.1, Subsubsection D.1.2, Subsubsection D.1.3).

9The USPC classification is used in the U.S. for design and plant classifications (USPTO 2021b).
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Table 5.2: Musical Instruments Terms in the Hornborstel-Sachs Classification

Instrument Classi- | Hornborstel- Related Instrument Terms

fication Sachs

Wind instruments Aerophones aerophones, wind instruments, bagpipes, bamboo flutes, bandonions, barrel

(Appendix, organs, buccins [trumpets], clarionets, clarions, concertinas, cornets [musical

Query D.4, instruments], flutes, harmonicas, harmoniums, horns [musical instruments],

Query D.17, melodicas, oboes, ocarinas, organs [musical instruments], saxophones, sheng

Query D.10) [Chinese musical wind instruments], suona [Chinese trumpets], trombones,
trumpets

String instruments Chordophones chordophone, string/ stringed instruments, balalaikas [stringed musical instru-

(Appendix, ments], banjos, basses [musical instruments], double basses, guitars, harps,

Query D.5, hugqin [Chinese violins], Jews’ harps [musical instruments], lyres, mandolins,

Query D.19, pianos, pipa [Chinese guitars], stringed musical instruments, violas, violins,

Query D.11) zithers

Percussion instru- | Idiophones and | percussion instruments, idiophone , membranphone, accordions, carillons

ments Membranophones [musical instruments], castanets, cymbals, gongs, handbells [musical in-

(Appendix, struments], triangles [musical instruments], xylophones, kettledrums, drums,

Query D.6, robotic drums, tambourines, tom-toms

Query D.20,

Query D.12)

The table offers an overview of common musical instrument classifications, the Hornbostel-Sachs classification,
and related instrument terms used for data extraction. These terms are obtained from the Nice class description,
which lists related musical instrument terms. The terms are then categorized according to the Hornbostel-Sachs
classification, forming the basis for differentiating between wind, string, and percussion instruments.

Source: Own instrument extraction based on WIPO (2020a). Since not all terms are unambiguous for musical
instruments, the corresponding ambiguous terms were supplemented in the queries with a reference of the text

to music.
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Table 5.3: Overview of the Data Set of Musical Instruments for Structural Topic Modelling

Musical Instruments
Data Set
Original Cleaned
Patent Documents 15,969 15,969
Trademark Documents 19,891 19,208
Design Documents 2,368 2,350
Total Documents || 38,228 | 37,527
Terms | 30.908 | 11,576
Selected Topic Number ‘ ‘ ‘ 87

The table offers an overview of the documents and terms used as the foundation for structural topic modelling,
along with the selected number of topics based on various metrics. It displays the initial number of documents
extracted from various data sources, as well as the document numbers provided to the model after data
preprocessing and cleaning. The time-frame is limited to the years 1978 through 2016.

Musical Instruments The final data set of musical instruments consists of all individual class and
keyword-based searches combined. The data is limited to the years 1978 to 2016.!° For the topic
modelling, as much data as possible are considered. The resulting data can be derived from Table 5.3.
To prepare the data sets for Structural Topic Modelling, English stopwords'!, words that occur only in
one document, and words that occur in equal or more than 50% of all documents and per IPR type
are removed. Only unigrams are considered. During preprocessing, common words such as “music”
and “instrument” are removed, which can lead to empty documents if only, e.g., “musical instrument”
is given as the textual description. In this case, the document as such is removed from the analysis.
The total document number after preprocessing is, therefore, smaller than before. Primarily trademark
and design documents are removed. After preprocessing, 37,527 documents remain with 11,576 related
terms. Further information on the data set is provided in Section 5.4.

5.3.3 Model Selection

The topic number is an input for the model estimation. To select a fitting topic number and select a
model, the model is run several times for different topic numbers. Different metrics support the model
selection. These are semantic coherence, exclusivity, held-out likelihood and residuals. Residuals reveal
the deviation between prediction and observation. Held-out likelihood shows the model’s performance
on previously held-out documents. Exclusivity provides information on the common use of the words
of a topic compared to other topics. Semantic coherence provides information on the relatedness of the
words of the topic to each other (Roberts et al. 2014). Figure 5.5 provides the metrics to decide the
topic number. The model is estimated for topic number k between 10 and 150. The residuals are lowest
between 70 and 90. A trade-off must be made between semantic coherence and exclusivity, as these two
metrics oppose each other. Higher exclusivity leads to lower coherence and vice versa. Yet, the trade-off
is still different between models with different topic numbers. Based on the overview of trade-offs (see
Figure 5.6a) and models’ metrics, some models are selected for a closer view. For musical instruments,
these are model 81, 83, 84, 86, and 87. 83, 84, and 87 have low residuals, while 83 and 86 display a
good exclusivity-semantic coherence trade-off. For these models, the semantic coherence and exclusivity

10This is due to data availability. Trademark data coverage is limited before 1978 according to S. J. H. Graham et al. (2013).
After 2016, the USPTO patent and design data coverage are not complete.

HThe stopword list is taken from stop_words from the R package fidyrext. The list combines the sources “SMART”, “snowball”
and “onix”.
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trade-off on a per-topic level is considered in Figure 5.6b. The model with 87 topics is chosen for further
analyses due to the models’ mean and a good exclusivity-coherence trade-off with acceptable levels of
exclusivity while semantic coherence of various topics remains high. The residuals are lowest in model
83. However, model 87 has a better trade-off of coherence and exclusivity. The topic proportions of
model 87 can be derived from Appendix, Figure D.1.
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(a) Overview of the Model Diagnostics
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Figure 5.5: Metrics to Evaluate the Number of Topics K in Musical Instruments.

The general diagnostics offer an initial overview to determine the appropriate number of topics (K).
For each calculated model, metrics such as exclusivity, held-out likelihood, residuals, and semantic
coherence are assessed. Each point on the graph represents a distinct model and its corresponding
diagnostics. These metrics are evaluated in relation to one another to decide on the optimal K.
Specifically, in the case of residuals, models located at the lowest point of the slope are of particular
interest. The figure presents both (a) an overall view and (b) a closer, zoomed-in perspective to
facilitate the selection of models that warrant closer examination.
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Figure 5.6: Exclusivity and Semantic Coherence of Musical Instrument Models in Comparison.

A trade-off between exclusivity and semantic coherence needs to be determined. Models with
fewer topics exhibit higher semantic coherence but lower exclusivity compared to models with
more topics. Subfigure (a) presents the mean exclusivity against the mean semantic coherence for
each model, with each point representing a model and its respective trade-off. Potential models
are selected for further examination. Subfigure (b) illustrates the exclusivity-semantic coherence
trade-off for these chosen models on a per-topic basis. In Subfigure (b), each frame corresponds to
a model, and each point represents the trade-oft for a specific topic within the model.
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5.4 Part I: Transformation of the Musical Instrument Sector

The results of the analyses are initially presented regarding IPRs (Subsection 5.4.1), followed by the
Hornbostel-Sachs classification (Subsection 5.4.2), and finally, in the context of electronic and classical
instruments (Subsection 5.4.3). The analyses build on each other and are supplemented by the information
identified as relevant. The analysis period covers the years from 1986 to 2015.

5.4.1 Intellectual Property Rights

This subsection provides a general overview of the data set before presenting the topic modelling results.
Thereby, the topics in general and their consistency is of interest. Then a network perspective is taken.

IPR Overview From 1986 to 2015, in total, 31,928 documents are covered with 13,434 patents, 1,920
designs and 16,574 trademarks. The development over time is displayed in Figure 5.1. Overall, the
yearly registrations have increased from 1986 to 2015. Patents and designs are relatively stable: patent
registrations reach around 500 registrations per year, while design registrations are constant at below 100
registrations per year. Trademark registrations display an interesting trend: the registrations were below
patent registrations before 2000 but surpassed patent registrations since 2004 and have since increased.
This is in contrast to expectations. The patents mainly relate to CPC class G10 “Musical instruments,
Acoustics” and especially to G10H “Electrophonic Musical Instruments” and G10D with, among others,
“Stringed Musical Instruments” and “Percussion Musical Instruments” (see Appendix, Figure D.2b).
Most trademarks are related to Nice class 15 that contains, e.g., “musical instruments” or “music stands”
(see Appendix, Figure D.2c). D17 as the “musical instrument class” is the most important design class
(see Appendix, Figure D.2a).

IPR Topic Modelling Results The 87 Structural Topic Modelling topics can be associated with different
intellectual property rights (see Appendix, Figure D.3). For better readability, Figure 5.7 displays only
the ten main topics per intellectual property right. As the topic estimation is based on the underlying
documents, each topic can be related to each document. Every topic is represented in every document, but
the degree of the relation varies. At the same time, every document is a particular intellectual property
right, either a patent, a trademark or a design. The ratio of each IPR, in general, can be determined and
related to the topic. If a topic is not among the main ten topics of that intellectual property right, the
proportion is not displayed even though it exists. The three main topics are topic 33 (guitar, electric,
pick, strap, tuner), topic 45 (keyboard, violin, box, organ, tune) and topic 26 (provide, system, invention,
produce, embodiment).

Topic 33 has the highest occurrence probability in the data set. This topic is highly relevant in designs
and trademarks and among the main ten topics of these data sources. Patent documents only have
a very low associated topic occurrence probability, and the topic is, therefore, not among the ten
main topics of patents. Content-wise, the topic relates to (electric) guitars.

Topic 45 is the second most important topic, and relates to violins and includes synthesisers. This topic
is also among the main ten topics of trademarks and designs but not of patents. Both topics relate
to the final products of musical instruments.

Topic 26 is the third most important topic and is the first topic with a high patent occurrence probability.
It seems to relate to patent-specific wordings in general, like ‘provide’, ‘method’ or ‘disclose’, which
are not specific to musical instruments. The occurrence probability of designs and trademarks is
low; therefore, these are not among the main ten topics of these data sources. Only the patent
occurrence probability is displayed in the overview of the main topics of each IPR.
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This pattern is generally observable: The main patent topics are disjunct from the main trademark and
design topics. Trademarks and designs share six out of ten topics that are among the most important
topics for these IPRs, while patent topics are disjunct (see Figure 5.7).

Patent topics are associated with tone generation and data (topic 60), support mounts (topic 38), digital
tone generation and signal processing (topic 27), data information storage (topic 86), audio and media
content (topic 10) or frequency and wave amplitude (topic 69). Designs and trademark topics are related
to guitars and accessories (topic 33), keyboards, violins, and synthesisers (topic 45), instrument boxes
for transportation and stands (topic 17), acoustic amplification (topic 1), strings and bows (topic 68) and
sound effects (topic 24). Designs additionally relate to drums and pedals (topic 11), electronic apparatus
(topic 80), percussion, cymbals, drumsticks (topic 30) and piano hammers (topic 13). At the same time,
trademarks include toy and gameplay (topic 57), audio speakers (topic 61), retail and sale stores (topic
22) and entertainment and performance (topic 28). The patent topics relate to digital or electronic music
generation, music storage or data processing. Design topics are more about the instruments and include
electronic or acoustic elements. Trademarks provide an additional perspective on the use of musical
instruments in child-play and entertainment or the offerings of musical instruments in retail. They also
include instruments, their components and acoustic or audio aspects.

Each topic is related to each intellectual property right. However, the consistency differs: E.g., patent
topic 60 has a high consistency among the main documents of patents, trademarks and designs with
tone generation and data as the main topic (see Figure 5.8). The figure shows the topic number and the
topic’s main words on the top. Underneath, three main documents for each intellectual property right are
displayed, with the document number, a snippet of the document text as well as the topic distribution of
the document. Topic 19 and Topic 76 are both mostly in trademarks. However, their consistency differs:
Topic 19, which relates to accessories, equipment, and supply, includes patents on music generation,
storage and placement, while the trademarks are focused on electronic retail and designs cover the cases
for guitars (see Appendix, Figure D.4). The trademark documents are very focused on that topic and
contribute the most to the supply aspects, while the other IPR documents are only partly focused on this
topic. Topic 76 also highly relates to trademarks. It contains gaming aspects in the main trademarks,
patent and design documents and can be considered consistent (see Appendix, Figure D.5. The electronic
aspects are more in the latter than in the former topic.

IPR-Topic-Network The topics are connected via their common document occurrence. Figure 5.9
displays the topic connection. The node size shows the topic proportion per topic. To ensure readability,
the edges displayed are larger than a threshold of 0.08 points. The pattern remains the same with a lower
threshold. The colouring indicates the strength of the correlation, with darker colours symbolising a
higher correlation. The node colour further symbolises the IPR type with the highest topic occurrence
probability in the data set. As can be seen, the topics with the same major IPR form groups. Designs
thereby separate patent and trademark topics. The relation of topics to intellectual property rights is thus
considered an important aspect to consider to understand the sector transformation.

To summarise, patents, trademarks and designs cover separate aspects of innovation in musical instru-
ments. The main trademark and design topics overlap, while patents are separated. Design topics occur
in the networks mainly in between patents and trademarks topics, bridging the information of these two
data sources.

5.4.2 Hornborstel-Sachs Classification

In this subsection, first, an overview of the Hornborstel-Sachs classification is provided. The Topic
Modelling results are then presented before analysing the topics-network in relation to the Hornborstel-
Sachs classification.
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Figure 5.7: Overview of the Ten Main Topics per IPR Type in Musical Instruments.

The figure presents the ten main topics per intellectual property right (IPR type), including trademarks, designs, and patents. The right-hand y-axis displays the topic
number and the main words associated with each topic. It also illustrates the topic proportion within each IPR type. If a topic is not within the main ten topics for a

specific IPR type, it is denoted by a missing bar, indicating that the proportion for that topic is not displayed.
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Table 5.4: Overview of the Data Set according to the Hornborstel-Sachs Classification

. . IPR Type
Hornborstel-Sachs Classification Total Documents
Design ‘ Patent ‘ Trademark
Generic 919 8,323 6,681 15,923
Percussion 101 972 2,268 3,341
String 825 3,680 7,920 12,452
Wind 48 604 1,427 2,079

The table offers an overview of the number of documents related to various IPR types and the Hornbostel-Sachs
Classification from 1986 to 2015. A document can be associated with multiple Hornbostel-Sachs Classes
simultaneously, depending on the referenced instruments. Documents lacking a classification are categorized
under “Generic”.

Source: Own representation based on the data extraction. The categorisation is determined based on the
search queries provided in Appendix, Query D.6, Query D.5, Query D.4, Query D.12, Query D.11, Query D.10,
Query D.20, Query D.19 and Query D.17.

Hornborstel-Sachs Classification Overview For the analysis of the Hornborstel-Sachs classification,
each document was classified according to the terms provided in Table 5.2. If a document includes
terms in more than one class, the document is assigned to both. If no specific Hornborstel-Sachs term is
available in the document, the document is considered a generic document in the data set. An overview
of the data set is provided in Table 5.4. Most documents belong to the generic category, followed by
string instruments with 12,452 documents. Per year, the instruments in the categories “generic” and
“string” contribute the most to the data set. The documents of every category increase over time (see
Appendix, Figure D.6). String instruments especially relate to trademark documents, while patents and
trademarks mainly cover the generic category. Over time, string instruments mainly increase due to
trademark registrations, while patents and trademarks increase simultaneously in Generics. Most patent
documents are in the generic category, followed by the category of string instruments. The same applies
to design protection. Design protection is overall low in numbers (Figure 5.10).

Hornborstel-Sachs Classification Topic Modelling Results The network relation of the topics to the
Hornbostel-Sachs classes is displayed in (see Appendix, Figure D.7). The topic descriptions are partly
in line with the mainly associated Hornborstel-Sachs class. E.g., topic 33 relates to guitars and is highly
associated with string instruments; topic 17 relates to flutes, horns, saxophones and trumpets and is
highly in wind instruments. The words describing topic 45 mainly consist of violins, violas and bass
instruments which belong to string instruments. Document-wise, however, wind instruments are the
strongest, followed by percussion and string instruments.

Hornborstel-Sachs-Topic-Network The topic-network is displayed in Figure 5.11. Each topic is
coloured according to the category with the highest occurrence probability. The colours seem randomly
assigned, and no pattern becomes directly observable. The only remarkable aspect is the cluster of generic
topics centred around topic 58. These topics relate mostly to patent documents, as seen in Figure 5.9.

L INT3

Content wise, these topics are concerned with e.g., “time”, “performance” (topic 58), “control”, “circuit”,
“switch” (topic 81), “tone”, “generate”, “data” (topic 60), “signal”, “output” or “digital” (topic 27). All
these terms relate to the digital processing of tone and data. This, however, seems to be a general aspect
of the development within musical instruments that is not specifically related to any Hornborstel-Sachs

class.

The Hornborstel-Sachs classification into wind, string and percussion instruments does not contribute
to a better understanding of the transformation of the musical instrument sector. The generic topics are
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Table 5.5: Overview of the Data Set, Differentiated for Electronic or Classical Musical Instruments

. IPR Type
Musical Instrument Type - Total Documents
Design ‘ Patent ‘ Trademark
Classical \ 1,548 \ 5412 \ 10,394 17,354
Electronic \ 372 \ 8,022 \ 6,180 14,574
Total Documents H 1.920 \ 13,434 \ 16,574 H 31,928

The table offers an overview of the number of documents associated with different IPR types and either
electronic or classical musical instruments from 1986 to 2015. A document is categorized as either related to
the former or the latter but not both simultaneously.

Source: Own representation based on the data extraction. The categorisation is determined based on the
search queries provided in Appendix, Query D.7, Query D.14 and Query D.21.

important in terms of data and signal processing. This is, however, not related to a specific instrument
type. As Hornborstel-Sachs Classification is not decisive for the topic relations, the classification is thus
not the focus of further analyses.

5.4.3 Electronic and Classical Musical Instruments

In the subsection, electronic and classical musical instruments are analysed. The technological trans-
formation in musical instruments is leading to a change from classical to electronic to digital musical
instruments. Consequently, this should also be reflected in using IPRs with patents being applied more.
The subsection first provides an overview of electronic and classical musical instruments. Then the topics
are analysed before taking a network perspective.

Electronic and Classical Musical Instruments Overview In recent years, electronic instruments have
surpassed classical instruments (Figure 5.12a). This trend is, however, not due to patents but due to an
increase in trademarks in electronic instruments. Until 2000, primarily patent documents are related to
electronic musical instruments. This has changed since 2000 with a rapid increase in trademark registra-
tions. Since 2009, trademark registrations in electronic instruments have surpassed patents. Electronic
instrument trademarks even surpass classical instruments’ trademarks in recent years (Figure 5.12b).
Overall, most documents still relate to classical instruments, with 17,354 documents compared to 14,574
documents on electronic musical instruments (Table 5.5). In total numbers, patent applications still
surpass trademarking in electronic musical instruments. However, if the trend of increased trademarking
related to electronic instruments continues, trademarks will surpass patents. In classical instruments,
trademarks and design registrations are strong. Subdivided according to the official classification of
the respective IPR types, classical instruments in trademarks are predominantly in class 15, “Musical
instruments” (see Appendix, Figure D.2c). Electronic instruments are mainly in class 15 and class 9
“Electrical and Scientific Apparatus”. Class G10H is inherently the main class in electronic instruments
and is exclusively assigned to electronic instruments in patents. G10D is strongly represented in classical
instruments and refers mainly to string instruments (see Appendix, Figure D.2b). Interesting is also the
electronic instrument class GO6F with the topic of digital data processing. Designs of classical and elec-
tronic musical instruments are represented primarily in class D17 “Musical Instruments” (see Appendix,
Figure D.2a). Here, already further details can be gained. Apparently, data and digital plays a role in
musical instruments and electronic aspects in general. Trademarks and patents capture this phenomenon.
Further details are expected from the topic analysis.
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Electronic and Classical Musical Instruments Topic Modelling Results The ten main topics in elec-
tronic instruments, displayed in Figure 5.13, cover hardware aspects like tuners (topic 33) and speakers
(topic 61), but also data processing aspects such as memory (topic 60), sound effect (topic 24), signal
(topic 27) or data (topic 86). The data processing aspect is in line with the patent classification GO6F,
which also covers digital data processing. Classical topics are more directly related to music instrument
aspects themselves, like guitars (topic 33), keyboards (topic 45), strings (topic 68), support mounts (topic
38) or pedals (topic 11). Only topics 33 and 26 are among the main topics of electric and classical musical
instruments. Topic 33 relates to guitars which are often also electric, so these terms occur together in the
topic. Topic 26 is a more general topic with terms related to patent documents.

Electronic and Classical Musical Instruments Networks A network perspective is taken to understand
the relation of topics and the influence of classical and electronic musical instruments (see Figure 5.14).
The nodes of the network display the IPR type that is strongest in the underlying topic. The links represent
the correlation of the topics. The node’s colouring represents the topic’s relation to classical or electronic
musical instruments. The stronger the topic is in electronic compared to classical instruments, the more
intense the blue. The reverse is valid for the classical instruments with the red colouring. To calculate
the colouring, the topic’s relation to electronic or classical instrument documents is decisive. Based on
the documents, the topic’s share in electronic and classical documents is determined. The difference
between these shares then determines the intensity of the colouring. The blue is particularly intense
around the topics 60, 10, 86, 27 and 58, which appear together and are all represented among the ten main
electronic musical instrument topics. The same applies among others to classical topics 33, 45 and 17.
Topic 26 is equally represented in electronic and classical instruments (as already seen in Figure 5.13).
It is correspondingly neutral in colour. In terms of content, it is more concerned with methodological
aspects and combines classical with electronic topics. In total, 46 topics tend to be classical, and 41
topics tend to be electronic in the overall time period. Visual inspection of the graph reveals that
topics related to electronic instruments and topics related to classical instruments occur together. The
electronic instruments around topic 60 are, at the same time, dominantly in patent documents. Clusters
are determined via random walk calculation to verify the visual inspection. The results are visible in
Figure 5.15. The calculation confirms the grouping of electronic topics around topics 58 and 69 (see
cluster 5). Cluster 10 evolves around the topics 52 (e.g., tune, block, adjustment) and 53 (e.g., extend,
form and plurality). They belong to classical instruments but are less pronounced than, e.g., topic 33.
Topic 33 and topic 1, however, belong to Cluster 2, wherein also some electronic topics belong, like
topic 61. Content-wise, this makes sense as topic 33 relates to guitars and electric guitars, topic 1 relates
to amplifiers and acoustic basses, and topic 61 revolves around amplifications and audio speakers. The
topics are thus content-wise connected, and these instruments and components are used together. The
networks are additionally enriched with the most important IPR type (related intellectual property right)
per topic. The network perspective displays that in the overall period, the most important electronic
topics are, at the same time, predominantly located in patents. Electronic topics are also represented in
trademarks but to a smaller extent. Clusters 5 and 10 are primarily in patents, while cluster 1 relates to
trademarks and designs. The separated perspective on classical and electronic instruments documents
reveals that the separation of patents, trademarks and designs is maintained (see Appendix, Figure D.10
and Figure D.11). Design topics are more prevalent in electronic than in classical instruments. In
addition, trademarks are more dominant in classical instruments. Overall, the cluster reveal groups of
topics in the network.

In summary, the topics are separated into classical and electronic musical instruments. The topics cover
hardware for sound generation like speakers and tuners, software aspects like data processing and signals
and components of instruments like keyboards, strings, pedals and guitars. The main topics align with the
classification of the IPRs, here, for example, GOOF data processing. The network revealed a relationship
between patents and electronic instruments and trademarks and classical instruments. To conclude,
electronic or classical musical instruments build clusters in the topic network that explain the network
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from a content perspective. The clusters further relate to specific IPRs, like the topics of the electronic
cluster are dominant in patents. The cluster overview highlights topics that are strongly connected to each
other.

5.4.4 Transformation within the Sector

Until now, the complete period from 1986 to 2016 has been covered. Intellectual properties contribute
different information to the analyses, as the topics are represented to a different degree by the different
IPRs. The network perspective of topics and IPRs revealed a clear separation between the different IPRs
and related topics to each IPR. The perspective on the Hornborstel-Sachs classification revealed that a
generic cluster is observable that does not link to a specific instrument category. However, the string,
wind and percussion classifications did not further contribute to understanding the network structure.
The separation of classical and electronic musical instruments revealed a clustering pattern related to the
intensity of technological components. The clusters overlap with intellectual property use. From the
transformation perspective, these are already interesting insights, as the technology intensity is decisive
for clustering and the combination of different IPRs contributes different aspects to the development.

To further assess the aspect of transformation, a time perspective is needed. The data set is therefore
separated into five-year intervals from 1986 to 2015:

1986—-1990: Three clusters are visible in this interval: A cluster around topic 33, one around topic 60 and
one around topic 83 (see Figure 5.16). Topic 33 is a major topic in classical musical instruments.
It covers guitars, electric, picks and straps. It is covered in designs and surrounded by topics 45
(keyboard, violin), 68 (strings, bow) and 17 (stand, accessory). Topic 45 and 17 are trademark
topics. The cluster is around instruments with a focus on string instruments. The topics are all
related to designs or trademarks. The patent documents only have small proportions in these topics.
Another cluster evolves around topic 60'2, tone generation and data. Topic 60 is the major topic
in electronic instruments. It is surrounded by other electronic topics like 81 (control, circuit),
27 (signal, output) and 69 (frequency, components). These are all patent topics. The cluster
covers aspects of sound generation, like components of amplifiers and sound interface circuits. A
third cluster is visible around topic 83 (portion body plate), 53 (extend form plurality), and 38
(support mount base) with a light relation to classical instruments. These topics cover aspects of
instrument assembly. The remaining topics are mainly small and without a clear relation. In terms
of innovation, it can be said that the three clusters around sound generation, instrument assembly
and classical instruments are still quite separate from each other. Topic 68 around strings connects
the assembly and string instrument cluster, while topic 26 with provide, system, embodiment
connects the assembly and the sound generation cluster in patents. This could give an indication
that innovation is taking place but not yet very integrated. Further, regarding other topics covered,
it becomes obvious that the main focus is on these clusters. Topics outside of these clusters remain
rather small.

1991-1995: This interval covers the same clusters as before with similar insights on innovation (see
Appendix, Figure D.12).

1996-2000: Here, topic 86 is becoming equally important in electronic instruments as topic 60 (see
Appendix, Figure D.13). It covers data and information. Here, it is visible that a change of the
subjects occurs within the technological cluster. While amplifier components are rather hardware-
focused, the innovation focus changes towards data.

12The cluster around electronic instrument topic 60 is verified via random walk (e.g. cluster 5 in Appendix, Figure D.15, cluster
3 in Appendix, Figure D.16, and cluster 11 in Appendix, Figure D.17.
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2001-2005: In the electronic patent cluster, topic 60 is still relevant, but topics 86 and 10 are now more
decisive with data, information, and audio files (see Figure 5.17). Apart from the already identified
clusters, the electronic instruments around topics 61, 25, 76, and 24 become more intense. The
cluster evolves around audio, speakers, amplifiers, sound, effects, video, games and computers. The
topics overall relate to digital sound design, which is relevant in the context of videos and gaming.
These topics contrast the cluster around topic 60 in trademarks and not patents. The patents cover
more the hardware components of amplifiers than the topics in trademarks, which are more related
to sound design. This also connects to topics 57 and 44, linked to topic 76. These all cover games
and toys, while topic 76 also covers the video and computer aspects of gaming. Noteworthy are
further the classical topics 49 and 28 connected to topic 18, which cover the aspects of education,
entertainment and music. The clusters are verified via random walk and displayed in Figure 5.18.
In terms of innovation, it is interesting that the amount of topics associated with electronic subjects
is increasing.

2006-2010: The relation of the trademark topics and electronic musical instruments increases (see
Appendix, Figure D.14). As such, the topics around digital sound design and gaming increase in
importance, as well as the classical instrument topics around education and entertainment. The
electronic cluster around topic 60 is still important. The linkages to other electronic topics start to
increase. Innovation-wise new topics become important that reveal the diversity of the development.
Amplifiers are still at the core of electronic musical instruments, while digital sound design and
especially gaming are more distant subjects but relevant in terms of digital music creation.

2011-2015: In the final network, the trademark topics are now more pronounced. The cluster around
topics 61 (audio and speaker) and 25 (record, video, computer) are now even further related to
electronic instruments with their sound design (Figure 5.19). Strongly visible is now also topic 55
(device phone battery computer camera), which is connected to topic 59 (computer software system
hardware network) and topic 2 (cable electrical power electric connector). This topic apparently
links to mobile phone development. Education and entertainment (topics 28 and 49) are still
in classical instruments. Here again, further electronic topics increase in importance. By now,
most topics have a similar occurrence probability compared to the first period. This indicates that
innovation is now taking place in diverse areas related to musical instruments.

Compared to the late 1980s, the clusters around sound generation, string instruments and instrument
assembly are still present from 2011 to 2015. However, over time, the topics that are strong in trademarks
increase in relevance and are increasingly connected to electronic musical instruments. The trademark
clusters cover digital sound design, mobile phones, and gaming elements. These are all areas of more
recent technological advancement. Further, while only some topics were strong in the late 1980s, the
occurrence probability of all topics in the last period is similar. Regarding innovation, the topics evolve
over time. While in the beginning, mainly patent topics were strongly occurring with a focus on electronic
components and assembly; the focus shifted towards trademark topics with gaming and data processing.
This could indicate that the patent topics remain relevant. However, the focus on innovation in musical
instruments has shifted: Patent topics still occur as a potential part of an instrument or as innovation is
still ongoing. Still, from a sector perspective, other topics emerged that also shape the sector and are
present more in trademarks.

Electronic Musical Instruments In terms of electronic musical instruments, it can be said that over
time, the importance of electronic instruments increases: While from 1986 to 1990, 28 out of 87 topics
are in electronic instruments (Figure 5.16)), 41 topics (47%) are related to electronics from 2011 to 2015
(Figure 5.19). In addition, the electronic topics are mostly represented by patent documents and centred
to 1996 mainly around the topic 60 “tone generation” (Figure 5.16). From 1996 onwards, topic 86, “data
storage processing”’, becomes more important (see Appendix, Figure D.13). Innovation is mainly taking
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place concerning electronic topics. Even though electronic subjects change over time, electronic aspects
become more relevant overall in the topics.

Classical Musical Instruments Correspondingly, the proportion of topics with predominantly classical
instruments has decreased from 59 in 1986-1990 (Figure 5.16)) to 46 in 2011-2015 (Figure 5.19). The
main clusters in classical instruments are instrument assembly in patents and (string) instruments in
designs and trademarks. Later, the topics of education and entertainment become more important. Some
of the classical topics change over time to electronic topics: This implies that there is a shift to more
electronic or digital-related aspects within the topics. This again enforces the assumption that innovation
is driven from the electronic development.

There is no thematic shift in patent-related topics. However, the patent-related cluster becomes less
important as the proportion of the topics decreases overall. The cluster around trademarks covers more
digital sound creation, gaming, and mobile aspects, besides entertainment and education. Over time,
the related topics gained larger importance and are increasingly associated with electronic instruments.
So overall, a thematic shift occurred towards trademarks: not only did their numbers increase, but they
also covered different aspects than patents. Trademarks revealed that gaming and data contribute to the
transformation of musical instruments, while patents covered the amplification and sound generation
aspects. Patents and trademarks thus jointly contributed to the analysis and led to a broader coverage of
the transformation in musical instruments.

The analysis implies the following for the research question related to the technological transformation
of the sector:

RQ5.1: What is the nature of the sector transformation from a low-technology sector to a sector with
low- and high-technology?
In the 1980s, most topics were still assigned to classical instruments. By the 2010s, this had levelled
out so that electronic and classical topics contributed about half of the topics each. Thematically,
aspects of digital sound creation, gaming and mobile have been added over time that were not so
strongly represented in the initial phase. Sound generation, however, had already been included
since the 1980s. Change in innovation is thus taking place especially in electronic and technological
subjects. Classical instruments are nevertheless relevant, however the newer and the changes of
topics occur in the technology sphere.

RQ5.2: How does the transformation relate to IPR use?

The combination of different intellectual property rights, here of patents, designs, and trademarks,
captures the technological transformation of the sector. Thematically, patents cover different
aspects than trademarks and designs. Trademark and design topics are often aligned, yet designs
are positioned between patents and trademarks. As musical instruments became more technical
and electronic, one would expect an increase in patenting (see Neuhdusler (2009)). In our case,
however, trademarks become more important. In electronic instruments, trademarks even surpass
patents in recent years (Figure 5.12b). This relates to the topics patents and trademarks cover:
While the patent clusters remain quite stable over time with sound generation and instrument
assembly, the trademark topics change and evolve towards sound creation, gaming and mobile.
These aspects are not captured from the patent perspective. In the 1980s, most trademark topics
were not strongly related to electronic topics and mostly to classical musical instruments. This
thus changed over time. A reason for the strength of trademarks in these digital aspects might be
that these are easier to protected in trademarks than in patents. This would be in line with Millot
(2009) pointing out the strength of trademarks in software. Further, trademarks are important in
the gaming industry in general, so that trademark protection might be more in line with the general
protection strategy of these firms.
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The analysis revealed that digitalisation and mobile aspects have become more relevant in the sector’s
transformation. These influence the technologies of sound creation and, thus, music production. Trade-
marks mainly cover the transformation. While the patent clusters remain stable over time, the aspects that
increase in importance are introduced by the trademark analysis. The combination of trademarks, designs
and patents thereby contributed to covering the broad transformation of the sector. Each IPR contributes
its aspects, whereby the patent topic coverage deviates from trademarks and designs. Focusing solely on
patent analysis to cover musical instruments would have overlooked the transformation. The inclusion of
trademarks thus contributes to a broader understanding of innovation. The firms relating to the thematic
shift remain unclear. This will be covered in part II.
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Figure 5.9: Network of Musical Instrument Topics in Patent, Trademark and Design Documents.
The network displays the topic relation differentiated for the IPR types of patents, trademarks
and designs. Nodes represent the topics, while links represent the likelihood of these topics to
co-occurrence. The node size represents the topic proportion. Here, the node colour further
represents the IPR type with the highest mean occurrence in the topic. All documents from 1986 to
2015 are considered. The colouring of the nodes represent the IPR type with the highest estimated
mean occurrence probability (for further details, see Appendix, Figure D.3).
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Figure 5.10: Musical Instrument IPR Registrations per Year, per IPR Type and according to the
Hornborstel-Sachs Classification.
The figure displays the yearly development of IPR registrations, according to the Hornborstel-
Sachs Classification, between 1986 and 2015. The generic category contains all documents that
are not explicitly related to another category.
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Figure 5.11: Network of Musical Instrument Topics according to the Hornborstel-Sachs Classification.
The network illustrates the topic relationships categorized by the Hornbostel-Sachs Classification.
Nodes represent the topics, and links depict the likelihood of co-occurrence between topics. Node
size indicates the topic proportion, and node color indicates the Hornbostel-Sachs Classification
category with the highest mean occurrence in the topic. The analysis considers documents from
1986 to 2015. Node color represents the category with the highest estimated mean occurrence
probability (for further detail, see Appendix, Figure D.7).
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Figure 5.12: Musical Instrument Document Registration per Year and Musical Instrument Type.
The figures display the yearly development of IPR registrations, differentiated for classical and
electronic musical instruments, with Subfigure (a) representing the overall development, and Sub-
figure (b) illustrating the IPR development within Electronic and Classical musical instruments.
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Figure 5.14: Network of Musical Instrument Topics, Differentiated for Electronic and Classical Instru-

ment.

The network illustrates the topic relationships from 1986 to 2015, categorized by IPR types and
electronic or classical musical instruments. Nodes represent topics, while links represent the
likelihood of these topics to co-occur. The node size corresponds to the topic’s proportion. IPR
types are indicated by node shapes, while node colours represent the musical instrument type.
Intensive blue signifies strong relevance to electronic musical instruments, and red represents a
focus on classical musical instruments. In this network, there are 46 nodes related to classical
topics and 41 related to electronic topics. The edges display the strength of correlation, with
lighter colours indicating lower correlation and darker colours indicating stronger correlation.
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Figure 5.16: Network of Musical Instrument Topics, Differentiated for Electronic and Classical Instru-
ments from 1986 to 1990.
The network illustrates the topic relationships from 1986 to 1990, categorized by IPR types and
electronic or classical musical instruments. Nodes represent topics, while links represent the
likelihood of these topics to co-occur. The node size corresponds to the topic’s proportion. IPR
types are indicated by node shapes, while node colours represent the musical instrument type.
Intensive blue signifies strong relevance to electronic musical instruments, and red represents a
focus on classical musical instruments. In this network, there are 59 nodes related to classical
topics and 28 related to electronic topics. The edges display the strength of correlation, with
lighter colours indicating lower correlation and darker colours indicating stronger correlation.
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Figure 5.17: Network of Musical Instrument Topics, Differentiated for Electronic and Classical Instru-
ments from 2001 to 2005.
The network illustrates the topic relationships from 2001 to 2005, categorized by IPR types and
electronic or classical musical instruments. Nodes represent topics, while links represent the
likelihood of these topics to co-occur. The node size corresponds to the topic’s proportion. IPR
types are indicated by node shapes, while node colours represent the musical instrument type.
Intensive blue signifies strong relevance to electronic musical instruments, and red represents a
focus on classical musical instruments. In this network, there are 48 nodes related to classical
topics and 39 related to electronic topics. The edges display the strength of correlation, with
lighter colours indicating lower correlation and darker colours indicating stronger correlation.
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Figure 5.18: Cluster Identification in Topic Networks of Electronic and Classical Musical Instrument from 2001 to 2005.

The figure displays clusters with more than three topics in electronic and classical musical instruments from 2001 to 2005, determined via random walk.
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Figure 5.19: Network of Musical Instrument Topics, Differentiated for Electronic and Classical Instru-

ments from 2011 to 2015.

The network illustrates the topic relationships from 2011 to 2015, categorized by IPR types and
electronic or classical musical instruments. Nodes represent topics, while links represent the
likelihood of these topics to co-occur. The node size corresponds to the topic’s proportion. IPR
types are indicated by node shapes, while node colours represent the musical instrument type.
Intensive blue signifies strong relevance to electronic musical instruments, and red represents a
focus on classical musical instruments. In this network, there are 46 nodes related to classical
topics and 41 related to electronic topics. The edges display the strength of correlation, with
lighter colours indicating lower correlation and darker colours indicating stronger correlation.
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5.5 Part ll: Major Firms in the Musical Instrument Sector

The analysis in Section 5.4 revealed that the technological transformation occurs from classical to
electronic musical instruments. This technological transformation is not only covered by patents, but
trademarks contribute information on the transformation with digitalisation, mobile and gaming. This
section considers major firms’ involvement in the sector’s transformation. The intention is to identify firms
behind the transformation, relate the topic development with the firm background and assess the related
registrations of intellectual property rights. The major firms were identified based on their intellectual
property rights registrations between 1986 and 2015. The main assumption is that the firm’s backgrounds
align with their activities in electronic and classical instruments, digitalisation, mobile and gaming. In
terms of low-technology and high-technology, it is expected that high-technology firms are contributing
technological aspects and components to the sector’s transformation. This means that firms outside the
classical musical instrument sector become involved over time. In contrast, low-technology firms adapt
technical knowledge and apply it to musical instruments. Before the firm analysis is performed, an
overview of the firms and the data set is provided. The networks are then analysed for different intervals
and discussed regarding the research questions.

5.5.1 Firm Overview

The firm analysis is performed in five-year intervals from 1986 to 2015. The firms involved in musical
instruments are displayed in a network graph together with topics. This creates a firms-topics-network
with 87 topics and many potential firms. However, restriction on the major firms is necessary to inspect
the firms-topics-network visually. Around 20 firms per firms-topics-network are found to be suitable in
terms of visual analysability. This implies that the joint visualisation of topics and firms in networks is
still readable and that data cleaning is feasible while the general insights remain similar. A robustness
check of the results was performed on 100 and 300 firms. The results presented in this section remain
similar for more firms (see also Appendix, Figure D.22 and Figure D.23).

The respective 20 major firms for the analyses are determined for each five-year interval. These are
then combined to reach the overall firm data set. The major firms have applied and registered the most
intellectual property rights in five-year intervals. The combination of all firms from every interval results
in 62 unique firms. Not all firms are active simultaneously in, e.g., electronic and classical musical
instruments. Further, only some firms apply every IPR type. The relation of these 62 firms to patents,
trademarks and designs, as well as classical and electronic musical instruments, can be derived from
Table 5.6. The table provides an overview of the number of firms. It is observable, for example, that
39 firms patent classical instruments. 47 firms apply for patents, and 58 firms are active in classical
instruments. In the firm data set, the share of firms in classical and electronic instruments is nearly the
same. Looking specifically at electronic instruments, interestingly, most firms (48) apply trademarks to
protect their technological developments. This is in line with the findings from the sector perspective.

In the data set of 62 firms, 4,288 patents, 2,429 trademarks and 430 designs are registered in musical
instruments (see Table 5.7). Patents are highly represented and contribute 60% of all documents in the
data set of Part II, which is a higher patent share than the 42% of all documents in the data set of Part
I. Most IPRs relate to electronic musical instruments, with 4,760 registrations. There are about twice as
many documents for electronic instruments as for classical Instruments. The number of documents in the
total data set is similar to classical and electronic instruments. It is thus expected that in the firm analysis,
mostly patenting activities and aspects of electronic musical instruments will be observable. Overall,
the 62 firms registered 7,147 documents. They thus represent approximately 22% of the total data set.
Further information on the 62 firms is provided in the Appendix, Section D.3.
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Table 5.6: Major Firms in Electronic and Classical Musical Instrument IPRs from 1986 to 2015

. IPR Type .
Firms - Total Firms
Patent ‘ Trademark‘ Design
Classical 39 | 53 | 31 58
Electronic 37 48 54
Total Firms 47 | 59 | 34 | 62

The table provides an overview of major firms involved in registering intellectual property rights for musical
instruments, distinguishing between classical and electronic instruments. To qualify as a major firm, the firm
must rank among the top 20 firms in patent, trademark, and design registrations during five-year intervals from
1986 to 2015. The sum of classical and electronic firms may not equal the total number of firms because a
single firm can be involved in either classical, electronic, or both. The same principle applies to the IPR types.
Each number represents the subset of firms meeting the criteria out of a total of 62 firms.

Table 5.7: Overview of IPRs in relation to Major Firms from 1986 to 2015

Mean Median Min Max Total Firms
IPRs
Design 12.65 4 1 175 430 34
Patent 91.23 28 1 1,903 4,288 47
Trademark 41.17 27 1 275 2,429 59
Classical 41.16 18.5 1 461 2,387 58
Electronic 88.15 27 1 1,892 4,760 54
Total 11527 | 595 9 2353 || 7147 | 62

The table provides an overview of the IPRs in relation to the major firms in Musical Instruments from 1986 to

2015.
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5.5.2 Firm Involvement and Firms-Topics-Networks

Based on the documents of the identified firms, networks are generated. The 62 firms are displayed
together only in the general overview, covering the entire period from 1986 to 2015. In the five-year
intervals, the major 20 firms of that interval are displayed. In the networks, a node can be either a topic or
a firm. A network has two types of links: Topic-topic and Topic-firm links. Links are defined differently
depending on the nodes involved:

Topic-topic link: A vector can characterise a topic, one entry for each document, showing the strength
of the topic in that document. For each pair of topics, we calculate the correlation between their
vectors. We define a link between topics if the correlation is greater than 0.08.

Topic-firm link: The topic-firm links are defined based on the documents a firm “owns”. The firm’s
mean occurrence probability of its documents for each topic is calculated. If the mean occurrence
of the firm’s documents in a topic is larger than 0.02, we say there is a link between these.

Between two firms, no direct link is calculated nor displayed in the network. Two firms can only be
indirectly related through their joint contribution to a topic. This implies that two firms own documents
highly related to a topic in the network, and therefore these firms contribute to the same topic. If two firms
contribute to the same topics, their positioning within the topic-network will be similar. This suggests
that the firms have similar competencies or interests due to their similar topic activities. Figure 5.20
displays the network for these firms from 1986 to 2015. Two different node types need to be differentiated:
The colour expresses the topic’s relation to classical or electronic musical instruments: dark blue for
electronic instruments and red nodes for classical instruments. The shapes of the nodes are determined by
the IPR type that is most decisive for the topic: circular for designs, triangular for patents, and rectangular
for trademarks. The nodes are always labelled according to their topic number, distinguishing them
from firms. However, the colours are solids, which means that the strength of the relationship cannot be
displayed. This restriction had to be made to add additional information of firms. Firms have a rhombus
shape and are coloured according to their main field of activity in musical instruments. This is determined
based on background information on the firms, enriched by the main words found in the documents of
the respective firm (see Appendix, Table D.1, D.2, D.3, D.4, and D.5)). For all firms, firm types are
determined. This leads to seven categories: Classical Producers (Red), Game Developers (Purple),
Hardware (Dark green), Producers (Orange), Other (Grey), Retail (Yellow) and Software (Turquoise)
“Classical Producers” cover firms that focus solely on classical musical instruments, while “Producers”
offer electronic and classical musical instruments. These firms are directly involved in producing musical
instruments or related components. No further distinction is being made between electronic and classical
instruments. However, some firms focus on, for example, classical guitars or pianos, while others develop
electronic guitars or pianos, and still others provide special components, especially for electronic musical
instruments. Game developers include firms that mostly develop game apps or video games but also
classical board games. Software and hardware firms are mostly IT-related and either contribute to data
processing and related applications or develop processors and computer components. Firms in the retail
category are involved in distributing musical instruments or merchandise in general. One important
thing to note is that the same colouring for firms and topics is used in cases where topics and firms are
related to similar backgrounds and should help with the interpretation. This is the case for red nodes that
relate to “classical instruments” (topics) and “classical producers” (firms) and for orange nodes, which
relate to generic instruments (topics) and producers (firms), where both classical and electronic musical
instruments can be associated.

In the network, it becomes evident that the same types of firms are similarly positioned (Figure 5.20):
Hardware firms are related to topic 60 (tone, generate, data, store, read), 69 (filter, wave, frequency,
amplitude), 81 (control, circuit, switch), 63 (note, pitch, chord), 26 (system, produce, method), 27 (signal,
output), 15 (voice, piece, pattern, rhythm, song), 86 (data, store, apparatus) and 58 (time, performance,
event, detect). These topics are primarily in patents and related to electronics. Software firms are also
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Chapter 5: Revealing Technological Transformation and Firm Involvement

in proximity to these topics. The firms are involved in topics 10 (audio, file, system), 20 (device), 8
(model), 42 (melody, composition, create), and 72 (computer, software, mobile, digital, phone, player).
Computers and data processing are naturally relevant in the hardware and software area. Most of the
topics of firms in retail or game development are represented by trademarks. Game-developing topics are
assigned to the electronic sphere. The firms are positioned among others close to the topics 57 (toy, game,
play), 76 (game, video, computer), 37 (paper, book, write), 44 (game, toy, glove), and 35 (user, display,
position). In retail, topics 71 (service, business, computer, rental), 22 (service, store, retail, wholesale),
19 (accessory, product, equipment, supply, home), and 85 (service, advertising, information, commercial,
business) are of relevance. Some are more focused on musical instruments and then positioned more
centrally in the network, while retail generally is more positioned apart. Finally, in musical instruments
firms, the breadth of topics is only covered by the interaction of all property rights, here patents, designs,
and trademarks, whereby both classical and electronic instruments are mapped. The classical producers
are thereby positioned close to classical instrument topics represented in trademarks and designs. Firms
involved in classical and electronic musical instruments are generally positioned between the classical
and the electronic topics, which focus more on data and signals.

In the following, the networks are examined in further detail in five-year intervals. This helps to understand
the contribution of different firms to the transformation and their use of IPRs. In general, the number of
producers of musical instruments is highest in the late 1980s, with 16 out of 20 firms being producers.
This decreases to 8 firms out of 22 until the late 2010s (see Appendix, Table D.7).

1986-1990: Of the 20 firms, 18 produce musical instruments, of which eight focus on classical musical
instruments (see Figure 5.21). Casio Computers is in between, as it is a traditional producer of
electronic hardware but also produces electronic musical instruments. In comparison to other
musical instrument producers, however, the firm does not produce classical musical instruments.
E-mu Systems also produced electronic hardware for musical instruments, focusing on synthesizers
and digital sound creation. Both are classified as musical instrument producers. Sam Ash distributes
services and guitars. Quake Oats'? also developed games and provides electronic guitar keyboards.
Interestingly, the firms are positioned accordingly in the network. E-mu System links to circuits,
controllers and switches (topic 81), frequency, components and waves (topic 69), sensors and
modules (topic 16), and electronic apparatus (topic 80). Casio Computers is related to keyboards
and touch (topic 77), sound effects and processor (topic 24), electronic components (topic 80) and
keyboards (topic 45). The classical instrument producers mainly link to classical topics. In general,

LEINT3

patent topic 60 is large with terms like “tone”, “generate” and “data”.

In the network, the topics and firms are placed in such a way that they are best related to the
associated nodes while at the same time ensuring readability. This means, for example, that firms
such as Latin Percussion, which are only strongly associated with classical themes, are positioned
outside the classical themes, while firms such as E-mu Systems, in particular, are more strongly
represented among the electronic themes. This implies that, e.g. Yamaha also links to topic 83
(plate portion body) in classical instruments but is nevertheless positioned outside of the cluster
around topic 60 (tone, generate, memory), as most connections address these topics. Therefore,
although the proximity and positioning of firms and topics in the network is not statistically
calculated, firms with similar backgrounds are related to similar topics and are positioned similarly
accordingly. Overall, all firms are strongly related to the production of musical instruments, related
aspects or their distribution.

1991-1995: Seven out of 20 firms are related to hardware, software and gaming (see Appendix, Fig-
ure D.24). Firms like IBM, Sony, Panasonic, Samsung, and Pioneer Electronics relate to studio
hardware, consumer electronics, audio equipment or data. The firms relate to topic 86 (data). The
focus of the innovations taking place is likewise changing. Patents cover mostly electronic topics,
but classical musical instrument topics are also covered. Firms that focused on classical instruments

13The firm mainly has a background in food production, but also had a video game division in the past.
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Chapter 5: Revealing Technological Transformation and Firm Involvement

were scarce in this period. Most firms are producers that have a connection to electronic musical
instruments or have a strong electronic background. Compared to the first period, more firms
from other sectors, like the information and technology sector and with a stronger technological
background, are involved and contributing to the transformation.

1996-2000: Trademarks become increasingly important in electronic musical instruments (see Appendix,
Figure D.25). Nevertheless, classical musical instrument producers are still present among the
major firms. Further, firms from other sectors are relevant, which could already be seen in 1991-
1995 and can now be observed again: Sony Interactive Entertainment was founded to cover the
aspects of video games. The firm is positioned differently from Sony. This aligns with the firm
background, where Sony produces hardware, and Sony Interactive Entertainment combines the
knowledge of music, video games and consumer goods. Microsoft is now also among the major
firms and provides possibilities for music consumption. In the sector, the innovation areas covered
are thus further increasing.

2001-2005: Over time, the representation of electronic topics in trademarks increases further and re-
lates to rental services, computers and games (see Appendix, Figure D.26). Apple joins the
transformation and contributes to the development of electronic patent topics.

2006-2010: Samsung, Apple, Microsoft, and Sony are positioned next to each other and highly in-
terlinked with patent topics (see Figure 5.22). The involvement of these high-technology firms
indicates that the innovation taking place is also related to high-technology requirements. Due
to their linkages, video game developers like Nintendo and Sony Interactive Entertainment are
also involved and positioned between electronic patent and trademark topics. In addition, Alibaba
and Guitar Center are present with retail services and connected to trademark topics. Overall,
the background of firms contributing to musical instruments becomes more diverse, with hard-
ware, software, gaming and retail firms being involved, apart from classical and electronic musical
instrument producers.

2011-2015: Until 2015, four different software firms were involved (see Figure 5.23). Samsung, Ap-
ple and Google are three major players. They all provide software for music consumption and
possibilities to create music. Their documents relate to audio systems (Google, Apple) or sound
processing (Samsung). Closer to music performance is the firm “Smule”, which provides apps for
users to sing together (see Appendix, Table D.4). The associated topics reflect the firms’ focus:
computer software (topic 72), audio files (topic 10), song, voice and rhythm (topic 15). By now, 19
electronic topics are represented in trademarks. Retail firms like Wal-Mart or Alibaba are involved.
Related topics are service, business (topic 71), accessories, products, and equipment (topic 19).
Trademarks dominate the most relevant topics. Also, gaming firms relate mostly to trademark
topics. King.com, Rovio and Outfit7 are involved in gaming app development. For these, they
need sound design and animation. The highly associated firms thus changed from initially mainly
instrument producers towards firms with a strong technology background or retail relation. This
impacts the innovations taking place in the sector as these firms drive their topics. Several musical
instrument producers are also involved: Yamaha and Kawai produce classical and electronic instru-
ments like acoustic guitars or pianos. Casio Computers is an example of an electronic consumer
goods producer that moved into musical instruments. The firm does not offer classical instruments
but focuses solely on electronic musical instruments. The same applies to Marshall Amplification,
with a background in speakers and amplifiers that naturally links to sound generation topics.

In general, the topic of classical musical instruments and electronic musical instruments are grouped
separately in the late 1980s. Over time, this clear separation disappears, and electronic and classical
topics jointly occur. Further, topic 60 and related topics increase in proportion and become more
intertwined. This is similar to the effects seen in the analyses of the technological transformation in the
sector (Subsection 5.4.4). The design topics are overall low in numbers. However, they are connecting
patent and trademark topics.
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Figure 5.23: Major Topics-Firms-Network from 2011 to 2015.
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The network displays the 22 major firms in the field of musical instruments from 2011 to 2015. Nodes represent firms and topics. Topic nodes are labelled with
numbers, and their shapes indicate the [IPR document with the highest mean occurrence: design (round), patent (triangular), and trademark (rectangular). Topic nodes
are coloured either red or blue, depending on their association with electronic or classical musical instruments. The shape and colour are determined by the strongest
document type or musical instrument type in the dataset. Firm nodes are rhombus-shaped and coloured according to their firm type, with firm names displayed. Links

represent the topic correlation from firms to topics and between topics, with lighter colours indicating lower correlations.
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5.5 Part II: Major Firms in the Musical Instrument Sector

We further saw that firms that started outside the sector (video game developers and computer or
electronic hardware) are moving increasingly into the musical instruments sector. The background of
the firms mainly involved in the transformation changes: in 1986-1990, mostly instrument producers
were active, while over time, more firms with a high-technology background strongly contributed.
Interestingly, firms with similar backgrounds still occur in proximity to each other. Producers focusing
on electronic and classical instruments bridge the technology firms and the classical producers. Yamaha
is the most important firm in all years. Its positioning changes over time but remains closely connected
to electronic patenting topics. Like other producers of electronic musical instruments, it is positioned
between electronic and classical topics in more recent periods. Regarding innovation, this implies that
the innovation subjects covered shifted. While the sector’s development in 1986-1990 was mainly on core
musical instrument subjects, more technological aspects became relevant over time, which also changed
musical instruments and music creation. The firms’ background further relates to their linkages in patent,
design or trademark topics: Software and hardware firms linked to patent topics, musical instrument
producers to patent, design and trademark topics, while retailers and gaming firms were more active in
trademarking topics. The joint analysis of all three intellectual property rights thus allowed the inclusion
of firms with varying backgrounds that nevertheless contribute to the sector’s transformation.

Finally, it is worth taking a brief look at the relationships of firms and the assignment of topics to the
Hornborstel-Sachs classification. It is striking that hardware and software firms are not assigned to any
specific instrument type (Figure 5.24). Some musical instrument firms are strongly connected through
their respective focus (Figure 5.23). For example, drum-related firms, such as Remo or Drum Workshop,
are linked to percussion topics (e.g., topics 41, 53, 65, 32). These are usually separated from the firms
that are concerned with the production of guitars and pianos. Here it can also be observed that, e.g., piano
producers tend to be close to other piano producers, but the separation is less clear (see Yamaha or Kawai).
In some cases, proximity to electronics is revealed, or the firms are heavily involved in components such
as amplifiers (e.g., Marshall Amplification). Here again, it is shown that firms with similar background
cluster together and link to similar topics. Sharing the same topics implies that these firms also contribute
similar innovations.

Overall, the firms-topics-networks are consistent with what we know about firm activities. It further
displays the context in which firms are active and links different firms together through their shared
topic contribution. The networks display that over time, firms like hardware and software producers
are becoming more involved, and also game developers contribute to the transformation of musical
instruments. Electronic aspects were mostly covered by patents in the 1980s and are increasingly covered
by trademarks. However, trademarks are used by firms with different backgrounds, like game developers
or retailers, and cover more data and digital-related aspects. Regarding innovation, it becomes obvious
that the focus shifts in line with the firms being mainly involved in the sector’s transformation.

Concerning the research questions, the following can be said about the involvement of firms and IPR
use:

RQ5.3: Who contributes to the transformation?
Over time, hardware firms, then software, gaming and retail firms, become more relevant. Of the
major firms, the hardware and software firms are known players like Microsoft, Apple, Google,
and Samsung. Thus, it is confirmed that high-technology firms from other sectors are becoming
active in the field of musical instruments. Apart from firms with their main focus outside the
musical instrument sector, musical instrument producers also contribute to the transformation,
e.g., Yamaha being the most important player. In the case of Yamaha, they actively intake new
technologies and develop their competencies in digital technologies like the internet of things,
artificial intelligence, signal processing or sound sources (Yamaha 2020). The firms themselves,
here musical instrument producers, are advancing the instruments technologically. This is in
line with Neuhiusler and Frietsch (2015). Further, in retail, there are known multi-sided digital
platform contributors like Alibaba (see also Hinninen et al. (2017)). Their areas of contribution to
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Figure 5.24: Major Topics-Firms-Network from 1986 to 2015 differentiated according to the Hornborstel-Sachs Classification.
The network illustrates the major firms in the field of musical instruments from 1986 to 2015. Nodes represent firms and topics.
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the sector differ. The hardware and software-related topics are more data or electronically-driven,
like signal processing or voice recording. Gaming topics relate to offline games but also online
gaming. These firms contribute to the development but also use musical instruments or related
innovations. Their involvement in the musical instrument sector comes with a surprise. These
firms are included thanks to the text-based data selection. The analysis reveals that gaming firms
contribute to the sector due to their development in sound processing. This highlights a strength
of the text-based analysis method that allows for uncovering new results based on the textual data
provided. Retail firms sell musical instruments and offer themselves digital platforms but are rather
not involved in developing innovations in the sector. The musical instrument producers display a
large diversity: some are entirely focused on classical instruments, others provide solely electronic
musical instruments, and some combine both. Further, some firms in the field of electronic musical
instruments focus on parts like amplifiers, strings, or guitar pedals. So the degree of electrification
and related knowledge within the producers vary.

RQ5.4: How does this relate to IPR use?

The use of intellectual property rights also changes: While electronic topics are in patents initially,
they are also increasingly represented in trademarks. This is in line with the findings of the sector
perspective. Striking is the interplay of firm focus and intellectual property rights use. Hardware
and software firms are predominantly positioned in patent-related topics, while games firms and
retailers are found in trademarks. The cluster around topics 25, 55, and 76, identified in the sectoral
transformation, is centrally positioned in the firms-topics-networks and in proximity to hardware,
electronic musical instrument producers and gaming firms. The topics revolved around video
recording, gaming and computers, which aligns with the firms in proximity. Classical musical
instrument producers are more closely positioned to topics with a strong trademark or design
relation than to patenting topics.

The transformation is driven by firms that produce musical instruments and integrate technologies into
them. In addition, firms from other sectors, such as ICT or gaming, contribute to the technological
developments. The use of different IPRs for the analysis reflects this development. The use of IPRs
differs depending on the background of the firm.

5.6 Discussion of the Transformation in Musical Instruments

The musical instrument sector exemplified the analyses of technological transformation from a low- to a
high-technology sector. The sector was chosen due to several reasons: In musical instruments, patents,
trademarks, and designs are of relevance, and the sector has undergone a technical transformation from
classical musical instruments to the electrification and digitalisation of musical instruments. Textual
data were used to combine the different intellectual property rights and to provide information on the
transformation. Structural Topic Modelling was applied to discover latent topics and to gain context
information on the transformation and the interrelation with IPRs. The analysis was divided into two
parts: first, the focus was on the sector before focusing on major firms.

Part I: Sector Analysis The sector was first assessed based on trademarks, patents and designs. Network
analyses showed that the topics of musical instruments are divided along the lines of intellectual
property rights. This suggests that intellectual property rights represent different content. Patents
covered more electronic and digital music generation as well as aspects of data processing. Designs
were about musical instruments and related patents and trademarks, while trademarks covered
services such as retail and entertainment and components of musical instruments. The design
topics remained of strong importance in the firm analysis.

In the case of musical instruments, an influence of the musical instrument type (e.g., wind, string
or percussion) according to the Hornborstel-Sachs classification was assumed. However, the type
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of musical instrument played a minor role. Only an overlap of generic topics and electronic topics
could be observed.

Electronic and classical instruments were separated to assess the impact of digitalisation and
electrification on the sector. It was found that electronic and classical topics cluster. Furthermore,
over time, electronic topics are increasingly located in trademarks with a thematic background
in digital sound design, mobile and gaming. This is an interesting result, as one would expect
trademarks to be related only to the low-technology aspects of musical instruments. However,
they also cover high-technology topics. Patents, trademarks and designs overall covered separate
aspects, whereby the patent topics deviated from trademarks and designs.

Part lI: Firm Analysis The firm perspective was assessed with a focus on the major firms between 1986
and 2015 in five-year intervals. It was found that firms with similar backgrounds are linked to
similar topics and therefore position similarly in the network. For example, hardware or software
firms, but also producers of guitars or drums, are similarly located in the network.

It was further observed that the intensity of technological relatedness drives the positioning of firms
in relation to topics and, therefore, in the network. Firms focused on classical instruments were
mainly linked to classical topics and positioned accordingly. Firms that also produce electronic
instruments are likewise more connected to electronic topics and are also positioned accordingly.
Here, it can be noted that the degree of electronic instrument production varies. Over the years,
more and more hardware firms have been among the major firms, presumably responsible for the
provision of electronic components and further development. Technologically, the processing of
signals is relevant, both in amplifiers and in the recording and reproducing of sounds. Accordingly,
hardware firms are concerned with sound recording and reproduction, such as headphones.

A surprising development is the addition of software developers and game manufacturers over time.
The occurrence of software firms highlights the development towards digital musical instruments:
These firms eased the consumption of music via, e.g. streaming services and enabled the digital
creation of music via, e.g., app-simulated musical instruments. Game manufacturers are often
video game or app-game developers. Sound design is important for these games, leading to these
firms being thematically represented in musical instruments. Retailing of musical instruments
occurs directly through the producers, retailers specialising in musical instruments, or retailers
offering diverse product groups. The firms related to gaming and retailing were mostly connected
to trademark topics, while software and hardware firms were linked to patent-related topics and
positioned accordingly.

Overall, the firm composition changes over time towards firms from other sectors and with other
thematic - especially more digital or technical - backgrounds (like Google, Microsoft, Apple or
Samsung) entering the musical instrument sector. The thematic and technical background played
a major role in the application of intellectual property rights.

While the sector analysis herein focused on the topics, the firm analysis revealed the actors behind them.
Even though the firm analysis covered a smaller data set than the sector analysis, the same trends could
be identified: over time, gaming and related topics, thus digital sound design and videos became more
important. Further, mobile developers entered the sector. Relating the results to the low-technology
and high-technology activities of the sector (see Table 5.1), low-technology topics still exist, like the
manufacturing of musical instruments. However, high-technology topics play an increasingly important
role in the sector, covering activities like the development of amplification, processing of data and signals
and the creation of digital sound. Patents and trademarks jointly cover this technological transformation,
developed by musical instrument firms and firms active in high-technology sectors. Thereby, the musical
instrument producers still cover the core of musical instruments and their production. However, firms
with ICT, gaming or retail background still contribute to the sector’s development. The analysis thus
provided more context and detail on the transformation. In terms of innovation, it remains unclear how
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the gaming aspects directly improve musical instruments. Here, a more indirect contribution through the
improvement of the sound is assumed.

5.7 Conclusion and Further Research

Concerning the research questions presented in Section 5.2, the following can thus be said:

RQ5.1: What is the nature of the sector transformation from a low-technology sector to a sector with
low- and high-technology?
The musical instrument sector has transformed from the provision of classical musical instruments
to electronic instruments and digitalisation. The related topics revealed that digital sound creation,
mobile and gaming have been of increasing interest over time.

RQ5.2: How does the transformation relate to IPR use?
In line with technological transformation, the use of intellectual property rights has changed. Even
though one would expect an increase in patenting activities due to the increase in technological
aspects, this is not observable. Trademarking covers the aspects of digital sound creation, mobile
and gaming.

RQ5.3: Who contributes to the transformation?

In the late 1980s, mostly musical instrument producers were active. Over time, hardware and soft-
ware firms, retailers and game developers entered the sector. The transformation and technological
change is thus driven also by firms that are not directly involved in musical instrument produc-
tion. Firms with a software or hardware background contribute knowledge of data processing and
computational aspects. Gamings firms are involved in digital sound creation. Nevertheless, also
musical instrument producers contributed to the transformation and developed musical instruments
further.

RQ5.4: How does this relate to IPR use?
The hardware and software firms were closely related to electronic topics and patenting, while
firms covering game-developing aspects and sound creation were more related to trademarks. The
inclusion of trademarks made the entry of the latter firms more obvious. Most musical instrument
firms applied trademarks or design protection furthermore. The use of IPR thus is highly firm
background dependent, as patents and trademarks cover technical aspects, but the technical subject
covered differs.

To summarise, the analyses contained a sectoral and a major firm perspective. From the sectoral
perspective, aspects like sound design, mobile and gaming, which have been increasingly present in
the musical industry, were captured mainly by trademarks. Designs displayed an important connection
between trademarks and patents, while patents mainly contributed to electronic or technical aspects of
musical instruments. The firm perspective provided additional insights: Firms from various backgrounds
contribute to the sector’s transformation. As a result, the application of intellectual property relates to
the background of the firms. Trademarks especially highlight the involvement of gaming firms, which
aligns with the sector perspective results. Also, from the firm perspective, designs remained important,
topic-wise positioned in between patents and trademarks.

To conclude, combining the different IP rights captures the technological transformation in musical in-
struments. The use of text-based analysis enabled the discovery of topics that are related to different firm
backgrounds. With the combination of different IPRs and the usage of textual data, some of the dynamics
were traced. Firms like Yamaha have an integrated IPR strategy so that the firms’ innovation activities are
only covered with the combination of different IPRs. Textual data enables the combination, highlighting
different nuances of the innovations. The joint consideration of patents, designs and trademarks depicts
the transformation of the musical instrument sector more comprehensively - and thus presumably better -
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than a single property right would have been able to. If, for example, the focus had only been on patents,
game developers and classical musical instrument manufacturers would have been less present. Similarly,
if only trademarks had been considered, the technological transformation driven by software and hardware
firms would not have been represented. Especially in areas with low patent applicability, like software
and services, the combination of different IPRs is particularly suitable for mapping the transformation
comprehensively. The combination allows for events to be depicted more broadly and provides a com-
prehensive perspective on innovation. Nevertheless, the innovation-relatedness of trademark documents
remains an open question: Trademarks mostly represent the topics of gaming firms and retailers. Game
developers are involved in developing gaming and sound innovations, while the innovation reference in
retail must be questioned.

Method-wise, the networks with additional data contributed to understanding the sector. The shift to
new technologies becomes observable. Further, the topics provide contextual information on the change
and changing importance. The combination of topics and firms further allowed for a more content-wise
perspective. It reveals not only which firms are involved but also in which aspects. For the analysis,
the firm names were cleaned to a single writing pattern before aggregation. Sub-firms were, however,
not aggregated. This was done assuming that close thematic integration within the firm would result
in sub-firms being positioned similarly and appearing together while a different focus could be mapped
accordingly. This assumption was successfully demonstrated. In the case of Sony, this led Sony and
Sony Interactive Entertainment to be analysed separately. Accordingly, the firms are thematically set
up and positioned differently, with the former having a closer connection to hardware topics while the
latter covers aspects of video games. Ultimately, this approach can be used to analyse firms in closer
detail and to break down the positioning of sub-firms more precisely. The analysis can also provide more
background information, in our case, about the technological transformation of the sector. Even though the
analysis of the chapter focuses on musical instruments, the analyses are also of interest to understanding
the transformation occurring in other sectors. Applying the methodology to other sectors could reveal
additional insights, mainly covering firms that are solely active in trademarks. Design protection could
also be of interest in other sectors, bridging trademarks and patents or providing information on less
technical or design-heavy innovations.

For future research, several points are to be mentioned: The technological transformation and firms’
involvement were measured based on textual data analysis. The joint analysis of several intellectual
property rights and especially the inclusion of trademarks covered the transformation activities in the
sector. They enabled a broad analysis to improve the understanding of innovation. However, not
every trademark is related to innovation. The reference to innovation was ensured via the combination
of patents and designs. For future research, it is interesting to analyse if trademark textual data of
innovations can be distinguished from those that do not represent an innovation but, for example, mark
diffusion. Combining topics with firm positioning in a firms-topics-network can provide further insights
into technological transformation and firm strategies. Further research could include that information
or analyse the positioning of firms with multiple sub-firms in closer detail. Further, the patenting and
trademarking shares in the total data set versus the firm data set deviated. The share of patents was higher
in the firm data set than in the overall data set. This might indicate different firm types are active in the
different intellectual property rights: Patents might be more of interest for large firms, while trademarks
might be registered more by small firms and to a smaller degree. Comparing the positioning of large and
small firms in a firms-topics-network might lead to further interesting results. In general, the analysis
provides context information and is descriptive. Further research might be of interest to include insights,
e.g., on firm types or the relation of firms to specific topics to improved models of intellectual property
rights use.
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The thesis covered various aspects of textual data of trademarks in the context of innovation research.
Before concluding this thesis, a summary of each chapter is provided in Section 6.1 followed by a
discussion. The discussion focuses on insights gained on textual data of trademarks from the joint
consideration of the different chapters. The thesis concludes in Section 6.3.

6.1 Summary and Contribution

The thesis evolves around the use of trademark textual data in innovation research. To capture innovation
broadly and especially cover service innovation and innovation in low-technology areas, this thesis
examined trademarks as an innovation indicator. To combine trademarks with other data sources and to
increase the level of detail of the analyses, textual data of trademarks were assessed.

After presenting background information on innovation, intellectual property rights, the measurement of
innovation, and the analysis of textual data in Chapter 2, Chapter 3 provides a general perspective on
the use of textual data in innovation research. Chapter 4 then compares patents and trademarks from a
textual data perspective in Robotics and Footwear. The data sources are evaluated against their coverage
of products, services and technical innovation. Chapter 5 applies the insights gained in the previous
chapters and uses them to measure technological transformation based on the textual data of patents,
trademarks and designs in Musical Instruments. It further provides information on the involvement of
different firms in the transformation.

Each chapter of the thesis thus focused on different aspects. However, the chapters are connected by
various elements. All chapters cover innovation and different innovation areas (see Figure 6.1). The
breadth of innovation areas (see yellow triangle) covered is broadest in Chapter 3, as here, all areas of
innovation are considered under the condition that textual data are used for the analysis of innovation.
Chapter 4 covers Robotics and Footwear: the former represents a high-technology area and the latter
represents a low-technology area. In Chapter 5 the Musical Instruments sector is assessed as a sector
in which a technological transformation takes place and where aspects of low- and high-technology are
relevant. In parallel to a decreasing breadth of innovation area, the integration of high-technology and
low-technology increases. In Chapter 4, the high- and low-technologies are analysed individually and
then compared for Robotics and Footwear, while low- and high-technology aspects are jointly analysed in
musical instruments. The data sources used (see green triangle) during the thesis become more diverse.
At first, the research is based on a sample of publications related to textual data in innovation research. In
the following Chapter 4, patent and trademark textual data is used as the basis for analysis and the textual
content of the different data sources are compared to each other. Finally, in Chapter 5, patents, trademarks
and designs are jointly used to provide broad coverage of the innovations in musical instruments and the
topics derived from the analysis are used to identify general patterns. Figure 6.1 provides an integrated
perspective on the chapters. The joint aspects are coloured accordingly.

Further detail on each chapter is provided in the following:

Chapter 3 provides a general overview of the current use of textual data in innovation research. Of special
interest are the motivation to apply textual data analysis, the data sources used, the methodology
applied, and the research questions answered based on textual data. The chapter contributes to a
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Figure 6.1: Summary of the Integrated Perspective on the Research Chapters

The figure provides an integrated perspective on the research chapters of the thesis. The yellow
triangle represents the breadth of covered innovation areas, while the green triangle signifies the
range of used textual data sources. Further detail of the innovation areas covered is provided in oval
boxes: these are either grey, dark blue, or red, indicating no specific technological focus, a high-
technology area, or a low-technology area. The textual data sources are presented in rectangular
boxes, with grey boxes for publications that cover various data sources for their analysis, green
boxes for patents, light blue for trademarks, and light red for designs. This consistent colour
scheme is maintained throughout the thesis for patents, trademarks, designs, high-technology, and
low-technology, ensuring clarity across the chapters. Overall, it can be observed that the scope of
intellectual property rights covered expands throughout the thesis, while there is a more integrated
consideration of low- and high-technology. For instance, musical instruments encompass aspects
of both low- and high-technology.

better understanding of textual data in innovation research and the different methodologies applied.
In the context of the thesis, an overview of text-analysis methods are given, which help to build an
understanding on text-analysis. For this purpose, articles from the fields of economics and business
that contain text and innovation in the title or abstract are considered. The data set is successively
narrowed down based on the author-provided keywords and an intensive analysis of the abstracts.
The final sample consisted of 23 articles that are related to innovation and textual data.

The analysis revealed that most authors appreciate the possibility of analysing large textual data
sets in an objective, data-driven and time-efficient way. Primarily patents and publications are
used as data sources. Clustering approaches were mainly applied. The research questions covered
the discovery and exploration of technologies, industry convergence, innovation trajectory and
diffusion, and the emergence of novel topics or idea generation. The chapter thus provides an
understanding of the current state of textual data analysis. This contributes to the application
of textual data analysis in innovation research. It highlights potential research areas that benefit
from the use of textual data: Text-based analyses enable the analyses of text data sources and
the combination of different data sources via language. Due to their reduced expert involvement,
objectivity increases. Analysing text-based data becomes faster and easier with the use of text-based
methods, allowing for regular repetition. Methodologies can be used for a variety of objectives. For
the most part, they are used to identify topics or emerging trends and make them visible. Overall,
the chapter reveals that research on textual data in innovation can provide an additional perspective
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on innovation. So far, textual data analysis is still mostly descriptive, but some concepts to use the
information gained in further analysis exist.

Chapter 4 combines textual data of patents and trademarks and assesses how aspects of innovation are
covered in each data source, focusing especially on trademarks. The chapter contributes to a better
understanding of the application of textual data of trademarks and the combination of the data
source with patents. This enables further analyses of innovation based on trademark textual data.
The chapter addresses two research questions:

RQ4.1: Can trademarks and patents be combined via their textual data on a detailed level?

RQ4.2: Does the textual combination of trademarks and patents add new insights to the discussion
of innovation?

To answer the research questions, trademarks and patents are combined textually with Struc-
tural Topic Modelling of Roberts et al. (2019). Robotics and Footwear as representatives of
high-technology and low-technology are analysed. The results are analysed in terms of textual
combination and insights gained. Therefore, general assumptions are drawn from the literature on
innovation in trademarks, markets, services, and technology.

The first question covers the possibility of combining patents and trademarks textually: In terms
of combination and consistent topics, the analysis displayed mixed results: In Robotics, the textual
combination of trademarks and patents displayed consistent results. They were in line with
the classifications of patents and trademarks but provided a more detailed perspective. Patents
highlighted the invention and technical aspects, while trademarks added details and mainly covered
the application areas. For trademark analysis, the approach further connects the trademark topics
to the patent classification system, allowing for a better interpretation of the trademarks.

Footwear is a low-technology area with fewer inventions and technological applications. This could
be observed in the textual analysis: Only a small number of patents compared to trademarks was
available. Further, the trademarks mainly focused on several clothing items instead of innovative
technologies. The combination of patents and trademarks was only partially consistent. This means
that the topic words, patent and trademark documents do not match. In these topics, trademarks
only revealed little information on inventions but focused on end products instead. Some consistent
topics in Footwear existed. In these cases, trademark documents were aligned with the content of
the patent documents and the topics and provided further details on the subject.

The results in Robotics and Footwear thus provided different results. It became apparent that
the textual structure of the trademarks differed between Robotics and Footwear: In Robotics, the
trademark descriptions are generally more detailed with information on the product, the purpose of
the robot and aspects of protection. The trademark descriptions in Footwear are less specific and
detailed than those in Robotics. The Footwear trademark documents displayed a similar textual
structure to those in Robotics in topics where the topic words, patent and trademark documents
aligned and the topic was thus considered consistent. Further, in Robotics, an increasing level
of detail is observable in the trademark descriptions over time. Generally, however, the level of
detail of the trademark descriptions differs: Trademarks with a high level of technical information
contain similar information to patents. Trademarks with few technological and innovative aspects
deviate from patents. Trademark descriptions thus can capture innovation activities and provide a
detailed perspective, but this depends on the technological aspects considered. The level of detail
is sector or innovation-area-specific as well as time-dependent. This should be considered when
trademarks’ textual data are used to analyse innovation.

The second question focused on the added insights due to the combination of patents and trademarks.
General conclusions about the data sources are extracted from the literature to assess the added
insights. These are that trademarks cover more service or market-related innovations, and patents
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provide information on technical innovation. The chapter challenges these conclusions to assess if
the results are reproducible based on textual data. This might not be the case, as the information
contained in textual data is different. For example, service-related information might be textually
covered in patents and trademarks, even though patents do not protect services. The reason can
be that service applications might be described in a patent even though it protects a technological
aspect. Therefore, it is necessary to understand the contribution of textual data of trademarks in
comparison to patents. The different assumptions are evaluated against the results of the textual
data analysis and reveal the following:

Trademarks and Innovation: The link between trademarks and innovation is observable in the
textual data. However, a certain technological degree is required to combine trademarks and
patents and to generate topics in trademarks where additional information on innovation is
available.

Market and Products: In Robotics, trademarks ensure the market perspective of the inventions
covered in patents. The market and product application were also covered in patents but not
as the primary focus. Patents helped to interpret and bundle trademarks, as the patent classi-
fication system provided more structured details than the trademark classification system. In
Footwear, trademarks only provided the market introduction perspective in the case of con-
sistent topics. The trademarks were mostly focused on final products without further details
on their invention. Here the advantage of the combination and textual data of trademarks for
innovation research may not be very strong. In general, trademarks cover more final products
and the market perspective. They can add the market and product perspective in the analysis
of innovation, while patents focus more in detail on the inventions behind them.

Services: Insights on services could be gained from both data sources, with a higher representation
in trademarks. Services like entertainment or education are more present in trademarks than
they are in patents. Services with a technical component, however, are also observable in
patents like service robotics or footwear subscriptions, which is in line with the findings of
Blind et al. (2003). The inclusion of trademarks provided additional insights into services
and highlighted the service areas in both Robotics or Footwear.

Technical innovation: The patent topics in both Robotics and Footwear covered technical as-
pects and focused on functions or components. In Robotics, trademarks contribute detailed
technical information on various topics independent of the significant IPR. In Footwear, the
technical details are provided mainly by patents and rarely by trademarks. Generally, patent
descriptions still provide more technical information than trademarks. Trademark descrip-
tions, nevertheless, cover technical aspects, the extent is just highly dependent on the field of
innovation looked at, and the level of detail is lower than patents.

The general conclusions extracted from the literature, thus, in general, also apply to textual data
of trademarks and patents. In terms of additional insights, trademarks can thus contribute to
innovation coverage. The results’ quality depends highly on the application area analysed and the
trademarks covered in the data set.

Overall, the combination of trademarks and patents revealed that the data sources can be combined
on a detailed level and that the combination adds insights into the innovation discussion. As the
field of analysis highly impacts the quality of the results, the field of analysis needs to be considered.
The chapter contributes to a better understanding of textual data of trademarks as an innovation
indicator — in general and for specific innovation areas of low and high technology. Further, the
chapter highlights the potential of the combination of trademarks and patents and the differences
between these two textual data sources in innovation. The insights gained serve as a foundation for
further analyses of innovation based on textual data of trademarks, especially in joint analysis with
patents, which can be used to improve existing innovation measurements.



6.1 Summary and Contribution

Chapter 5 assesses the technological transformation in musical instruments and the involvement of major
firms in the transformation with joint textual analysis of patents, trademarks and designs. The
musical instrument sector combines low-technology and high-technology aspects. It is a sector
with, on the one hand, a long tradition and low-technology products such as classical musical
instruments. On the other hand, it is a sector undergoing a technological transformation through
the electrification and digitalisation of musical instruments. Even though musical instruments are
becoming increasingly technical, trademark registrations surpass patent and design registrations.

In musical instruments, patent, trademark and design protection is applied. To understand the
transformation, the involved firms and the use of intellectual property rights, the chapter combines
textual data of patents, trademarks and designs in musical instruments to attain a broad cover-
age of technological transformation and to assess a change of use of the IPRs concerning this
transformation and involved firms.

Thus, the analysis provides a broader perspective on the transformation, firms and the application
of different intellectual property rights (IPRs). The analysis is separated into two parts: Part |
focuses on the sector in general, and part II includes major firms in the discussion. The related
questions are:

RQ5.1: What is the nature of the sector transformation from a low-technology sector to a sector
with low- and high-technology?

RQ5.2: How does the transformation relate to IPR use?

The related research questions from the firm perspective are:
RQ5.3: Who contributes to the transformation?
RQ5.4: How does this relate to IPR use?

The different intellectual property rights serve as a basis for the analysis. Their textual data provide
content-based insights into the transformation. For this purpose, the data sources are combined
textually, and the topics of the data set are extracted with Structural Topic Modelling of Roberts
et al. (2019). Based on the topic estimation, networks can be formed with the topics as nodes
and the topic co-occurrences as linkages. The networks are analysed for patterns that are related
to the change taking place. In the sector analysis, the relevance of IPR use, different musical
instrument types and classical versus electronic musical instruments are assessed, and changes over
time are considered. From the major firm perspective, the topic network is then enhanced with
firms, building a firms-topics-network.

The sector perspective reveals that the musical instrument sector has transformed from the provision
of classical musical instruments to electronic instruments and digitalisation, as expected. The topics
covered change towards digital aspects like sound creation, mobile and gaming. With technological
transformation, the use of intellectual property rights has changed. Each IPR type provides different
information: Electronic topics or data-related topics are relevant in patents but are increasingly
present also in trademarks. Designs are an intermediate between patents and trademarks and
often cover similar topics as trademarks. The IPR use has changed over time, with trademarking
becoming more important in electronic musical instruments and covering the digital aspects of
digital sound creation, mobile and gaming.

The firm perspective focuses on the major firms in five-year intervals from 1986 until 2015 and
categorises them according to their background. These firms are the major applicants of intellectual
property rights across all IPRs. The analysis reveals that the background of firms contributing to
the transformation changes over time, with firms from various backgrounds contributing to the
sector’s transformation. Mainly musical instrument producers were active in the beginning. Over
time, hardware and software firms, retailers and game developers entered the sector. Their topics
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were predominantly related to computation, signalling, voice capturing and data processing. The
transformation and technological change is thus driven also by firms that are not directly involved
in musical instrument production. The IPR use overlaps with the firm background. Software
and hardware firms are more related to patent topics, while gaming and retail firms are close
to trademark topics. The positioning of musical instrument producers depends on the degree of
electrification of their instruments. Some are positioned closer to patent topics, while most are in
the trademark or design topic domains. The results are in line with the sector perspective.

Overall, the electrification and digitalisation of musical instruments is a combined effort of hard-
ware, software and gaming firms leading to new developments in the sector and musical instrument
producers that introduce electrification to their instruments. The chapter shows that technological
transformation is captured via the combined use of different intellectual property rights. Espe-
cially the inclusion of trademarks adds additional aspects like gaming to the analysis. The use
of text-based analysis enabled the discovery of topics that are related to the transformation and
different firms. This enabled a differentiated analysis of the transformation. Method-wise, the
firms-topics-network provides a better understanding of firm positioning in general. The chapter
contributes to a better understanding of intellectual property rights application in the context of
technological transformation and involved firms. A technological transformation is taking place in
musical instruments and across other industries, especially fuelled by digitalisation. The method-
ology of the chapter can be applied to understand the transformation of different sectors better, as
not only high-technology aspects but also low-technology aspects are covered, and to assess firms
on a more detailed level.

6.2 Discussion

Considering the chapters together, some general aspects remain to be discussed. The thesis started with
the need for a broader innovation perspective to cover low-technology areas and services not covered
in patents. Trademarks were treated as an alternative data source to provide this perspective. The
combination of trademarks with patents and designs was proposed based on textual data, assuming
that these provide the potential to combine several data sources and a broader perspective on low-
technology innovation and services. The textual data were preprocessed and combined throughout the
thesis with Structural Topic Modelling. The analyses revealed several strong points of the approach but
also challenges that still need to be addressed:

Trademarks: Trademark data provide not only information on services but also technological areas. This
became obvious in Robotics, where trademarks also contained detailed information on innovations.
In Musical Instruments, trademarks introduced aspects of digitalisation like mobile, digital sound
design and gaming. Interestingly, the firm’s background is more decisive for the IPR application
than the technological aspects. One would have expected all high-technology aspects to be found
more in patents. However, software and hardware firms were found to be active in patents, while
firms with gaming backgrounds were active in trademarks. Here, further research is needed on the
differences that explain this behaviour. A reason could be the speed of development in the gaming
sector and the importance of marketing and customer closeness.

Through the preprocessing and analyses, it became evident that the textual data of different intellec-
tual property rights differ, especially in the dimensions of legal and common words used, sentence
structure and level of detail. These affect the ability to combine and compare the different data
sources. The documents’ IPR type was therefore considered during preprocessing to account for
these differences: Highly common words specific to each IPR were considered and removed. Care
was taken in the cleaning process to preserve the differences between the data sources. However,
this resulted in words without meaning being included in the final data sets. In order to further
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improve the analysis of multiple data sources, a stop word list specific to each IP right could
therefore be of interest, containing, in particular, the common legal terms of the respective IP right.
As such, further focus on meaningful words could be ensured while considering content-related
differences in the data sources.

An additional aspect to consider in the textual data analysis of the IPR documents is that the
documents were not equally represented in the different innovation areas. In Robotics, most
documents were patents, while in Footwear, most documents were trademarks. In the data set of
musical instruments, patents and trademarks were equally represented, while designs were rarely
included. The share of each IPR type in the data set impacts the topics estimated, as the topics are
estimated based on the documents provided and thus lean towards the IPR type with the highest
share. This means that the smaller the proportion of an IPR, the greater the uncertainties of the
estimate concerning this IPR. We have seen in the different chapters that as long as consistency
and relatedness of the documents to the topics are ensured, the difference in the share of IPRs is,
however, neglectable. In Robotics, the topics were very consistent. In Footwear, the topics with
a high relation to patents were also consistent. In the case of trademark topics, the consistency
depended on the structure of the trademarks. In cases where trademarks provided only items
of clothing, the consistency was lower, and the topics provided less detail on the production or
innovation contained. In musical instruments, topics related to hardware and software firms and
mostly patents display a high consistency among the main documents of patents, trademarks, and
designs. However, the consistency of trademark topics depends on the electronic aspects. Overall,
the consistency and, thus, quality differs depending on the textual structure. A high technological
relatedness often leads to a high quality of the topics. Additionally, the quality and use of the IPRs
in the area covered need to be considered.

Finally, the text length must be taken into account. Trademarks contain predominantly short texts
or concise word lists. Designs are also short in their textual description. Patents provide extensive
descriptions or short abstracts. This thesis used the abstracts of patents to align with the textual
length of trademarks and designs. This approach worked for the combination. For patents, it could
be interesting to extend the analysis concerning the patent description to achieve an even higher
level of detail.

Textual Data of Trademarks: The thesis focused on textual data of trademarks in combination with
other data sources to gain a broader perspective on innovation. Among the articles in the sample of
Chapter 3, no article used trademarks as a data source for textual data. This is in line with the review
of Antons et al. (2020), where also no trademarks were covered in the articles applying text analysis
in innovation research. However, throughout this thesis, it is shown that textual data of trademarks
do contain information on innovation and provide an opportunity to combine trademarks with other
data sources. This provides additional insights into firm positioning or innovations in different
innovation areas.

The analyses of textual data of trademarks, patents and designs made it possible to discover
more detail about Robotics, Footwear and the transformation of Musical Instruments, especially
in comparison to the available classifications. Nevertheless, the amount of text and kind of text
structure is also decisive for the level of detail: Even though trademark descriptions are relatively
short, differences in their structure exist. The trademark descriptions of Robotics or Musical
Instrument trademarks covering high-technology aspects displayed a more extensive description
and detail than trademarks in, e.g., the low-technology area of Footwear, where the trademark
description resembled a list of goods without further detail. Here further research is needed to
understand the reasons for this difference and potentially focus on trademark descriptions with a
high level of detail.

The analysis of textual data of trademarks in this thesis was used to explore trends. The topic
modelling approach supports this intention. However, trend exploration is only one aspect of
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textual data used for innovation research. More research needs to be done to include the insights
gained thanks to textual data in existing economic models.

Innovation in Textual Data of Trademarks This thesis deals with the assumption that trademark texts
represent interesting insights about innovations. This is despite the fact that the link between
trademarks and innovation is not guaranteed. The analyses of Robotics, Footwear and Musical
Instruments were able to show that trademarks provide detailed information about innovation
comparable to patents. They could ensure the perspective of market introduction and diffusion.
However, differences in the trademark texts were found to influence how well the texts of trademarks
contribute to the understanding of innovation. This different structure could be related to the extent
to which trademarks represent innovation and requires further investigation.

Overall, textual data of intellectual property rights provide interesting insights into the development of
innovation. The thesis addressed textual data of trademarks and revealed their contribution.

6.3 Closing Remarks and Future Research

To conclude, the thesis adds to the discussion of textual data of trademarks in innovation research. It,
therefore, analysed the current state of textual data analysis in innovation research, compared trademark
and patent textual data and applied textual data from patents, trademarks, and designs to measure
technological transformation. Overall, the textual data of trademarks enabled the combination of several
data sources. The inclusion of trademarks captured service and low-technology aspects. The textual
data of trademarks added aspects like digitalisation in musical instruments. The thesis contributes to a
better understanding of textual data use, unlocks textual data of trademarks and applies textual data of
patents, trademarks, and designs to assess technological transformation. Combining different intellectual
property rights through textual data provides a broader perspective on innovation while overcoming
existing limitations. The combination of trademarks, patents, and designs enhances the strengths of each
data source for innovation research. The textual data further provides detailed information to understand
technological development or the behaviour of firms. The thesis contributes to the area of textual
data use for innovation research and especially the application of trademark textual data analysis. In a
broader context, the thesis contributes to evidence-based policymaking by enhancing our understanding
and measurement capabilities of innovation. This improvement aids in deriving more comprehensive
recommendations for political initiatives, especially in low-technology innovation areas.

Further research is necessary. The challenges mentioned above remain to be addressed. In this thesis, the
analysed patent, trademark, and design documents were identified using class-based and keyword-based
searches. This is necessary as, across different data sources, no common classification system exists. At
the same time, it must be ensured that the criteria for the documents to be included are similar across
the data sources. In the case of more complex areas of interest, like green technologies in developing
countries, a more sophisticated approach to identifying the relevant data across different data sources is
of interest as the results are only as good as the data used. Further, the innovation linkage of textual
data of trademarks could be improved: In areas with a high technological relation, the trademarks in this
thesis displayed a high level of detail. However, in areas with low-technology intensity, like clothing,
the trademark descriptions covered mostly a list of clothing items. Here, an approach to differentiate
between relevant and non-relevant trademark descriptions for innovation research might be of interest to
increase the focus on innovation. Lastly, insights gained by the approach, like the background of firms
being decisive for IPR use, remain to be included in further economic models to improve their results.
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A Appendix to Chapter 2: Foundations

This appendix relates to Chapter 2: Foundations.

A.1 Patents

select distinct pa.id, year(date) as year
from uspto.patent pa

where type in ('utility') AND

year (date) > 1977 AND year(date) <= 2016

Query A.1: Granted Patents per Year

A.2 Trademarks

select distinct cf.serial_no, cl.intl_class_cd as class, year(filing_dt) as year

from trademarks.case_file as cf

join trademarks.intl_class cl on cl.serial_no = cf.serial_no

where year(filing_dt) > 1977 and year(filing_dt) <= 2016 and registration_no not in
('0000000")

and cl.intl_class_cd not in ('200', 'A', 'B'"')

Query A.2: Registered Trademark Filings in Nice Classes per Year

select distinct cf.serial_no as serial_no, year(filing_dt) as year, registration_no
from trademarks.case_file as cf
where year(filing_dt) > 1977 and year(filing_dt) <= 2016

Query A.3: Trademark Filings per Year

A.3 Designs

select distinct pa.id, year(date) as year
from uspto.patent pa

where type in ('design') AND

year(date) > 1977 AND year(date) <= 2016

Query A.4: Granted Designs per Year

select count(distinct cf.serial_no), cl.intl_class_cd

from trademarks.case_file as cf

join trademarks.intl_class cl on cl.serial_no = cf.serial_no

where year(filing_dt) > 1977 and year(filing_dt) <= 2016 and registration_no not in
('0000000"')

group by cl.intl_class_cd

order by count(distinct cf.serial_no)

Query A.5: Granted Designs at the USPTO between 1978 and 2016 per U.S. Design Class

169



Chapter A: Appendix to Chapter 2: Foundations

400 -

=)
c
@
(2]
>
2 300-
|_
=
4]
i 4
]
g 200-
[}
e}
e
c
© 100-
c
>
g
S Illlllllllll

0_

' ' ' '
1980 1990 2000 2010
Year of Filing

Trademark Status . Applied . Registered

Figure A.1: Total Yearly Development of Trademark Filings between 1978 and 2016.
The figure displays the yearly filings of trademarks at the USPTO differentiated for applied and
registered trademarks from 1978 until 2016.
Source: Own representation based on USPTO data (see Query A.3).
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B Appendix to Chapter 3: Textual Data in
Innovation Research

B.1 Data Selection

(TITLE-ABS-KEY (text AND mining) AND (LIMIT-TO ( PUBSTAGE, "final"))
Query B.1: Scopus Search (by January 01, 2022)

(TI = (text*) OR AB = (text*)) AND (TI = (innov*) OR AB = (innov¥*))
AND SU = (Business & Economics)

NOT TS = (textile)

AND DOCUMENT TYPES: (Articles)

AND Language: English

Query B.2: Web of Science Search Resulting in 250 Documents (by June 21, 2021)

((TITLE(Ctext*) OR ABS(text*)) AND (TITLE(innov*) OR ABS(innov¥)))
AND (SUBJAREA (econ) OR SUBJAREA (busi))

AND NOT TITLE-ABS-KEY(textile)

AND (LIMIT-TO(DOCTYPE, "ar"))

AND (LIMIT-TO(CLANGUAGE, "English"))

Query B.3: SCOPUS Search Resulting in 789 Documents (by June 21, 2021)
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Chapter B: Appendix to Chapter 3: Textual Data in Innovation Research

Table B.1: Keywords Selected for the Sample Identification

text mining (63), big data (13), sentiment analysis (10), machine learning (8), natural language
processing (8), textual analysis (7), content analysis (7), data mining (6), text (6), text analysis
(6), text analytics (6), bibliometrics (6), leximancer (5), deep learning (4), topic modeling (4),
cluster analysis (4), text classification (3), text messaging (3), unstructured data (3), bibliometric
analysis (3), clustering (3), tech mining (3), big data analytics (2), artificial intelligence (2), data
analytics (2), latent dirichlet allocation (Ida) (2), lda topic model (2), network text analysis (2),
semantic analysis (2), supervised learning (2), support vector machine (2), support vector machines
(2), text-mining (2), text clustering (2), topic modelling (2), artificial intelligence algorithms (1),
artificial neural networks (1), automated content analysis (1), automated sentiment analysis (1),
big’ data (1), big data analytics techniques (1), computer-aided text analysis (1), convolutional
neural network (1), cosine similarity of tf-idf vectors (1), latent dirichlet allocation (1), Ida (1),
lexical semantics (1), lexicon-based approach (1), machine learning approach (1), natural language
processing (nlp) (1), opining mining (1), opinion analysis (1), patent mining (1), patent text mining
(1), qualitative and quantitative methods (1), qualitative meta-analysis (1), semantic brand score
(1), semantic topological space (1), semantic web (1), semantic web mining (1), semi-supervised
learning (1), sentimental analysis (1), social media data mining (1), term clumping (1), terms
mining approach (1), text-as-data analysis (1), text -mining (1), text and sentimental analysis (1),
text as data (1), text documents (1), text innovation (1), textual (1), tfidf (1), tokenization (1), topic
model (1), vector semantics (1), web scraping (1), webscraping (1), word embedding (1), word
frequency (1), wordformation (1), clustering algorithms (1), co-citation (1), co-occurrence-based
analysis (1), co-occurrence analysis (1), co-occurrence networks (1), computer based learning (1),
context-based concepts (1), contextual framing (1), latent aspect rating analysis (lara) (1), latent
aspect rating regression (1), meaning extraction (1), scientometric (1), scientometric evaluation
(1), scientometrics (1), sequential pattern mining (1), technology maps (1), technology mining and
trend analysis (1), large-scale text data (1), user-oriented context-to-text recognition for learning

ey

The table provides an overview of all keywords selected for the sample identification. The keywords are sorted
in descending order according to their occurrence in the data set. The occurrence is provided in brackets.
Source: Own overview based on the data extraction of Query B.2 and Query B.3.
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Table B.2: Keywords Not-Selected for the Sample Identification

innovation (71), entrepreneurship (13), open innovation (12), education (10), management (10), technology (10), creativity (9),
discourse (9), patents (9), sustainability (9), knowledge management (8), analysis (7), patent analysis (7), sustainable development
(7), critical discourse analysis (6), governance (6), information technology (6), marketing (6), service innovation (6), social media
(6), classification (5), crowdsourcing (5), history (5), learning (5), performance (5), qualitative research (5), technological innovation
(5), women (5), art (4), china (4), communication (4), consumer behaviour (4), consumers (4), culture (4), design (4), emerging
technologies (4), empowerment (4), engagement (4), ethics (4), experiential learning (4), family business (4), foresight (4), innovation
management (4), knowledge (4), marketing strategy (4), mining (4), netnography (4), rhetoric (4), teaching (4), technology forecasting
(4), user-generated content (4), discovery (3), agency (3), australia (3), blended learning (3), blockchain (3), blogs (3), brand personality
(3), business value (3), case studies (3), case study (3), climate change (3), creative industries (3), curriculum design (3), customer
satisfaction (3), delphi method (3), discourse analysis (3), e-commerce (3), eco-innovation (3), efficiency (3), entrepreneur (3),
entrepreneurialism (3), ethnography (3), fashion (3), fintech (3), flexibility (3), food innovation (3), healthcare (3), internet (3),
literature review (3), management accounting (3), media (3), methodology (3), methods (3), motivation (3), network (3), networks (3),
online communities (3), online community (3), online reviews (3), ontology (3), product development (3), productivity (3), qualitative
(3), quality (3), radical innovation (3), recommendation system (3), research (3), retailing (3), risk management (3), schumpeter (3),
security (3), sharing economy (3), social enterprise (3), social network analysis (3), tourism (3), university (3), web (3), language (2),
triz (2), crowdfunding (2), visualization (2), academic entrepreneurship (2), accommodation (2), accounting research (2), accounting
system (2), administrative reform (2), advertising concerts (2), advertising history (2), aesthetics (2), agriculture (2), airbnb (2),
algorithmic management (2), analytics (2), annual reports (2), architecture (2), as-if (2), assessment (2), attributes (2), augmented
reality (2), authentication (2), benchmarking (2), binary opposition (2), biotechnology (2), brand associations (2), business (2), business-
to-business marketing (2), business model (2), business process (2), capital market (2), change (2), change management (2), choice
(2), citation analysis (2), cloud computing (2), co-creation (2), collaboration (2), collective housing (2), commercialisation of leisure
(2), companies (2), competencies (2), competitive advantage (2), competitiveness (2), conjoint analysis (2), consumer (2), consumer
marketing (2), consumer preferences (2), contingency theory (2), corporate culture (2), corporate social responsibility (2), covid-19 (2),
czech republic (2), data security (2), decision-making (2), demand volatility (2), design science (2), development (2), digital ecosystems
(2), digital transformation (2), digitalization of management (2), disruptive innovation (2), disruptive technologies (2), double-entry
bookkeeping (2), dynamic capabilities (2), eco-design (2), economics (2), eighteenth century (2), electronic commerce (2), emerging
technology (2), employer branding (2), engineers (2), entrepreneurs (2), experience (2), f53 (2), factor analysis (2), fashion industry (2),
feature selection (2), financial crisis (2), financial risk (2), financial service systems (2), forecasting (2), framework (2), friedman (2),
gerontechnology (2), globalization (2), grand duchy of tuscany (2), green-oriented design (2), green technologies (2), grounded theory
(2), hospitality (2), human resource management (2), hybrid (2), ict (2), idea generation (2), ideology (2), impulse purchasing (2),
inclusive innovation (2), industrial marketing (2), industries (2), industry 4.0 (2), information asymmetry (2), information management
(2), information retrieval (2), information systems (2), innovation indicators (2), innovation projects (2), innovative teaching (2),
innovativeness (2), institutional theory (2), institutions (2), instrumentalism (2), insurance (2), intellectual capital (2), interdisciplinary
(2), interdisciplinary training (2), internet of things (2), knowledge creation (2), knowledge structure (2), leadership (2), lean production
(2), legislation (2), link prediction (2), literature-based discovery (2), literature-related discovery (2), machine (2), management history
(2), management volume (2), measurement (2), memory (2), microstructure (2), mobile commerce (2), modeling (2), multidisciplinary
(2), municipality (2), myth (2), narratives (2), new engineering education (2), new product development (2), new technology (2),
news (2), newspaper advertising (2), online review analysis (2), online vacation rentals (2), opportunity (2), organizational change (2),
organizational design (2), organizational innovation (2), organizational restructuring (2), perception (2), personalization (2), persuasion
in advertising (2), philosophy (2), pitch (2), pluralism (2), power (2), practice theory (2), product life cycle (2), project management
(2), project owner (2), qualitative-quantitative approach (2), qualitative approach (2), qualitative content analysis (2), qualitative
methods (2), quality-related managerial insights (2), r&d (2), realism (2), reform (2), regulation (2), religion (2), renewable energy
(2), representation (2), research methods (2), research trends (2), research trends in the service sector (2), responsibility (2), risk (2),
risk assessment (2), risk factor (2), roadmaps (2), scenario (2), science and technology (2), science and technology policy (2), science
mapping (2), scientific research (2), search engines (2), sense of place (2), sensemaking (2), simulation (2), smes (2), sms (2), social (2),
social housing (2), social network (2), spatial dimension (2), startup (2), strategic management (2), strategic planning (2), students (2),
supply and demand matching (2), survey (2), sweden (2), systematic literature review (2), talent cultivation (2), teaching and learning
(2), teaching of economics (2), technology intelligence (2), technology roadmapping (2), tension (2), textbook writer (2), textbooks
(2), themes (2), theory (2), translation (2), twitter (2), uncertainty (2), universities (2), university theses (2), unrealistic assumptions
(2), urbanism (2), user innovation (2), value (2), value creation (2), virtual worlds (2), voice of customers (2), voice of employees (2),
volatility (2), website (2), willingness to pay (2), workshops (2), www (2)

The table provides an overview of keywords not selected for the sample identification. These are keywords
with more than one occurrence in the data set. The keywords are sorted in descending order according to their
occurrence in the data set. The occurrence is provided in brackets.

Source: Own overview based on the data extraction of Query B.2 and Query B.3.
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Chapter B: Appendix to Chapter 3: Textual Data in Innovation Research

B.2 Literature Review

In the following, detailed information on the articles in the sample are provided that lead to the analyses
results expressed in Section 3.3. First, in Table B.3, the reasons are shown in relation to the articles of
the sample in which these occurred. Table B.4 and Table B.5 then provide an overview of the textual
data sources used in the articles. The tables further provide information on the data sources, the amount
of data and the reasoning of to use these data sources. The applied methodologies are then disclosed
in Table B.6, with a textual description of the methodology and a categorization of the methodologies
according to selected areas of textual data analyses. Before providing detailed information on the content
of the different articles in Table B.7 and Table B.8, Figure 3.2 and Figure B.2 provide first information
on the keywords and main words in the sample and articles.

174



B.2 Literature Review

"UONBZI[BNSIA JO SAATIOR[qO ‘ASojopoyour ‘ejep
dy) 0JuI PAZLI0TILD QI SUOSEAI AYJ, "BIBP [BNIXI) UO SISA[euR 1x9) Jo uoneordde ayy 1oy sojonJe Joy) ur 93e)s ojdwes ay) Jo SIOYINE Jey) SUOSEI JO MIIAIOAO U sopraoid d[qe) oy,

] 0] T 1 T 10 1 T Tl T T T T Tl s]
I bt I UOTJBOYLISA J[NSAY
uonoNpay ASION /uoret
I [ I %EL € ~IOJU] JUBAQ[Y JO UONEOYNUIP]
1 I 1 1 LT ¥ SJYSISU] p[reI(q uren
! ! I %hel € uonesyIsse[D
! I I ! LT % sdIysuone[ay JO JUAWSSISSY
SO1
I ! I 1 I I 9%9T 9 || -dog, SurSowy jo uoneoynuopy soAnoalqO
I I I I I I %9 9 uonoddeq Aumioddp
1 1 1 1 1 1 1 1 oS¢ 8 S9sA[euy pual], /poseq-oul],
UONRULIO}
I I I I I I I I %S¢ 8 -UJ UQPPIH /U] SULIDA0DU[)
I I %6 4 Aiqeyeaday
I I I %EL 3 Amiqronpoidoy
KSojopoyloN
! ! ! [ LA ¥ KpiqesATeuy 10011
I I 1 1 1 1 1 9%0¢ L sasATeuy pidey pue juaoyg
I b 1 9S) uoneWIOU] [[N]
! by I eje( d1qnd JUAIdI-Ison
! ! ! I || %L1 4 seamog eje( adnny
s vreq
ereq
I I 1 1 1 I 9%9¢T 9 [enIX9], /paImonnsup) urjqeusg
1 1|1 1] 1|1 %b0E L A1anosfqo
! 1 I I ! 1 ! ! 1 %b6€ 6 198 BIR(] 98I0
«n | v — | T uosed K103918
AHNEMHE R EEE R EE PR R m 0
S22 |8|la|E|l® |2 |8 lalg|E2EB|g|S|ad|lr |28 |3 |88 3 Y g
g . W mu. nub [} Q = o~ = @ =] 3 9] <N o Aﬂ. ) @ e, 2 m Z < =3
Slel@d |2 e ||| |Z|e|e|le|8|n|E|e|c|2|2|5|2|ale]| &| @
ol || |2 |e|(R|E|ela|B|S|e|Z|e|z|2|2|2|2]|2 | g
SRS ID|IB |~ S| | T3 | BT P | 7| 2
S8 E|8 Nl (BIE|E |- ||| (Bl ld |82 R alE| 2| £
Do | J e z |l =|1=21¢a Dle|IgSl8 || =lS|a g 8
g7 = = ElEl2]8 = SlEle|(g|e(B|g| < =
B N 7 = T8 ° o = =l
E S 3 e 2
® = £ =
S
£

ardureg ay) ur paje)s uonedrddy SISA[BUY [ENIXA], J0J SUOSEIY JO MIIATIAQ €' AqEL

175



Chapter B: Appendix to Chapter 3: Textual Data in Innovation Research

Table B.4: Textual Data Use of the Articles in the Sample

[}
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o
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<
4 @)
s 5 2
<
2|5 |S|E o
2lE|lS| 8 E
| 51228 .| 2
= m @ s 5 [5)
S5 3|28|E|£] &
Reference Database/ Data source Text Data Data Source Meaning A& | Z|wa|K|O =
Antons and Breidbach | Web of Science 641 business and economic journal ar- | Content of journal articles for advancements in 1
(2018) ticles in service innovation and service | service innovation and service design research
design
Bakhtin et al. (2020) Open Source Data: e.g. Cross- | 30 million documents: scientific ar- | Content of different data sources for emerging 1 1 1 1 1
Ref database, USPTO, National Sci- | ticles, USPTO patents, news, granted | patterns in agriculture and food production
ence Foundation, global news por- | awards, analytical reports
tals, Analytical Organisations
Basole et al. (2019) Crunchbase 24,068 operating venture descriptions Content of venture description for the identifica- 1
tion of entrepreneurial ecosystems
Chiarello et al. (2021) Scopus 6,601 journal articles Content of journal articles for emerging market 1
topics
Cripps et al. (2020) Twitter 15,054 multilingual tweets from 38 com- | Twitter as potential knowledge source for innova- 1
panies tion, sharing and crowdsourcing
Curci and Mongeau Os- | Green Inventory (GI) database, | 245 Patents (Title, Abstract, Claim, De- | Patents as technological state-of-the-art 1
pina (2016) BioPat scription)
Dahlke et al. (2021) COVID Innovations web-platform 707 web-scraped innovation project de- | Innovation assessment based on innovation 1
scriptions project descriptions, human needs from the fun-
damental humans needs by Max-Neef et al (1989)
Feng et al. (2020) Derwent Innovation Index 41,994 patents Patents as technological state-of-the-art 1
Fiordelisi et al. (2019) Compustat, CRSP, SEC Edgar | S&P500 firms: 10-Ks for corporate cul- | 10-Ks for the corporate culture, patents included 1
Database, Kogan et al (2017) ture index as innovation indicator
Kayser (2017) Web of Science, LexisNexis Publication abstracts, News Articles Journal articles for the innovation development, 1 1 1
news articles to represent diffusion
J. Kim and C. Lee (2017) Futuristic data websites (e.g. | USPTO patent data, futuristic data Patents as technological state-of-the-art, futuristic 1 1 1
Siemens, MIT Technology Review, data to identify future relevant topics
World Future Society), USPTO
N. Kim et al. (2015) Web-crawled newspaper articles 1,878,019 daily newspaper articles inthe | Newspaper articles for industry convergence 1

US from 1989 to 2012

The table discloses the data sources used by the authors in the sample. The information is broken down into the database used, the textual data used and the rationale for using this
textual data. If explicitly stated, the amount of data on which the research is based is also disclosed. Lastly, it is listed whether more than one data sources are used.
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Table B.6: Methodologies Used for the Analysis of Textual Data in the Sample
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= = S £ o= 5
-l @
51 £ = =g |8
2 2 2| o« Tl E|C
2| 8 Slale| &8
Reference Methodological Text-mining Approach O | Q E|l=2|B|o|O
Antons and Breidbach (2018) LDA Topic Modelling (69 topics), Topic network graphs 1 1 1
Bakhtin et al. (2020) Word2Vec, Semantic map 1
Basole et al. (2019) TF-IDF, Cosine similarity, visualization map with clusters 1
Chiarello et al. (2021) Sentiment Analysis, LDA Topic Modelling (9 topics), Development over time 1 1 1
Cripps et al. (2020) Structural Topic Modelling (20 topics) 2 1
Curci and Mongeau Ospina (2016) Keyword topic co-occurrence network, Cosine distance for similarity, Krackhardt efficiency measure for threshold value, LDA Topic 1 1 1 1 1
Modelling (6 topics)
Dahlke et al. (2021) LDA Topic Modelling (16 topics), Herfindahl-Hirschman index (HHI) for need concentration measure, Hierarchical Clustering of 1 1 1
Domains based on thematic dissimilarity
Feng et al. (2020) Network analyses on IPC classes, Resource Allocation index for link prediction, LTA topic modelling (10 topics per converging 1 1 1
relationship)
Fiordelisi et al. (2019) Creativity index based on word frequency, adjusted word frequency, Create Bag of Words; Regression model
Kayser (2017) Term network for each dataset, Pie bubble chart of matched terms based on summed relative frequency per dataset of the term
N. Kim et al. (2015) Industry classification based on firm SIC code, Industry convergence based on firm co-occurrence, Industry Co-occurrence (IC) Index 1
for industry convergence measure, industry convergence map
J. Kim and C. Lee (2017) keyword-document-matrix, novelty detection technique for rarity and paradigm unrelatedness assessment based on local outlier factor 1
(LOF), hierarchical clustering
Kohler et al. (2014) Vocabulary list based on expert interviews for service innovation capabilities, classification tree to discriminate innovative and less 1
innovative firms
Larsen and Thorsrud (2019) LDA topic modelling, network graphs, news index based on yearly topic occurrence and topic predictive power on economic output 2 1 1
Mi et al. (2021) word segmentation, Word2Vec, TF-IDF, semantic correlation, S&D matching model based on intensity 1 1
Ozcan et al. (2021) TF-IDF, BERT (word embedding), Synthetic minority oversampling technique (SMOTE), Transducive SVM (TSVM) and logistic 1 1
regression for idea classification and clustering
Shen et al. (2020) Vector space model (VSM), TFIDF, ORCLUS for clustering, cosine similarity between patent and scientific clusters, 1
Song et al. (2017) F-term use and solution transfer within and across industries, cosine similarity, technology growth and technology applicability 1
B. Wang and Z. Wang (2018) Latent Dirichlet Allocation (LDA), Provincial Topic Model (inclusion of institution information in LDA), Vector Space Model for 1 1 1
provincial similarity calculation
Wau et al. (2020) Part-of-speech (POS), TF-IDF weighting, Deep learning MLP model with neuronal networks 1
Y. Zhang et al. (2019) Term correlation map, citation map, country collaboration map, K-means algorithm, Scientific evolutionary pathways (SEP) 1 1
Zhou et al. (2020) Principal Component Analyses (PCA) for unsupervised feature extraction, Argumentative Zooming (AZ) for topic recognition, term 1
clumping; Sentiment analyses for attitudes, SAO analysis for meaning and relationship extraction/ technology paths
Zhu and Porter (2002) Technology opportunity analysis (TOA), co-occurrence of terms, PCA for main relationship extraction, visualization in maps 1

No. Articles || 11| 3 || 8 |7 [3 |4 |5 |

The table discloses the methodologies applied in relation to textual data in the different articles of the sample. The methodologies are further categorized and the common

methodologies are displayed.
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The figure displays the most frequent words in the corpus, which is based on the abstracts of the

documents in the sample.
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The words are identified based on the TF-IDF calculation. TF (Term Frequency) measures the
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determines the uniqueness of the word in relation to full corpus based on all documents.
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Chapter B: Appendix to Chapter 3: Textual Data in Innovation Research

Table B.8: Detailed Literature Overview of the Main Content of the Articles in the Sample (continued)

Reference

Main Focus

Purpose

Contribution

Category

Kohler et al. (2014)

Service Innovation

Representation of service innovation capabil-
ity and assessment based on text mining

Firm capability validation framework, assessment of innovation capa-
bility level

Identification of Innova-
tion

Larsen and Thorsrud
(2019)

Business Cycle

Distinguish between news and noise in news
articles and assess types of news leading to a
news shock

News topics can predict economic outcome. Economic boom identified
after unexpected innovation news

Prediction Measure

Mi et al. (2021)

Emerging Technologies, Sup-
ply and Demand Matching,
Gerontechnology

Forecasting gerontechnologies and future
trends considering demand and supply

Identify emerging technologies with high demand intensity and ineffec-
tive supply

Demand Assessment

Ozcan et al. (2021)

Sustainable Innovation

Trend exploration and idea identification
from social media data, identification of sus-
tainable innovation

Identification of ideas based on twitter data classification algorithm,
identification of idea clustering

Idea Generation and Ex-
traction

Shen et al. (2020)

Smart Health Monitoring Tech-
nologies

Discovering opportunities of scientific ad-
vancement and technological innovation in
smart health monitoring technologies

Scientific and technological fields are connected to each other, Retaining
information with text mining, comparison of science and technology

Idea Generation and Ex-
traction

Song et al. (2017)

Idea Generation

Idea generation and opportunity analyses on
firm level based on F-term patent mining

Framework to generate new rapid ideas for technical solutions based
on solutions within or across industries that are similar to the initial
knowledge base. At best, these provide growth opportunities and are
applicable.

Idea Generation and Ex-
traction

B. Wang and Z. Wang
(2018)

Energy Technology, Regional
Development

Understand the development and direction of
innovation in energy technology in China and
different regions thereof from a content per-
spective

Identification of energy technology trends: no energy technology flow
from high technology to high emission areas, low mobility of energy
technologies; cooperation and technology transfer between provinces

Industry Patterns and Re-
gions

Wu et al. (2020)

Information and Communica-
tion Technology in Construc-
tion (ICTC)

Identification of ICTC patents via patent deep
learning classification

Automatic binary classification model for the identification of ICTC
patents that enable the assessment of ICTC data

Identification of Innova-
tion

Y. Zhang et al. (2019)

Big Data Research, Science
Community

Discovery of the evolution of big data re-
search and forecasting for recommendations

Machine learning and cloud computing as hot topics in big data re-
search, large application in bioinformatics, developments in artificial
intelligence reason for new directions in big data analytics

Innovation Trajectory and
Diffusion

Zhou et al. (2020)

Innovation Trajectory, Gold
Nanoparticles

Predict innovation trajectory, identify hot and
valuable topic, include sentiment analyses
combined with quantitative analyses

Framework to identify pathway of technological innovation and future
potential for commercialization based on a combined text mining, ma-
chine learning, sentiment analyses and altmetrics approach

Innovation Trajectory and
Diffusion

Zhu and Porter (2002)

Automatic Technology Fore-
casting, Nanotechnology

Improve technology forecasting and respond
to challenges such as large amount of textual
data or generation of rapid findings

Automated process framework for knowledge generation from biblio-
graphic text mining via maps of e.g. keywords, affiliations, authors

Technology Discovery and
Exploration
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C Appendix to Chapter 4: Innovative Activities
Captured through Semantic Analysis of Patents
and Trademarks

As in Chapter 4, the appendix first provides further information on the analyses of Robotics and its data
followed by information on Footwear.

C.1 Robotics

Subsection C.1.1 discloses the queries used to identify the Robotics data set. Additionally, background
information on the considered patent CPC subgroups are provided. Subsection C.1.2 then provides further
detail of the model selection and several topic examples.

C.1.1 Data Selection

Patent Selection

select distinct cp.patent_id

into fs.robot_uspto_pat

from uspto.cpc_current cp

inner join fs.robot_uspto_cpc_subgroup_selected se on se.id = cp.subgroup_id

union

select distinct cp.patent_id
from uspto.cpc_current cp
where cp.group_id in ('B25]'")

union

select distinct pa.id as 'patent_id'
from uspto.patent pa
where (abstract like '%robot%' or title like '%robot%')

Query C.1: All Patents of Robotics

select distinct patent_id

into fs.robot_uspto_pat_util

from fs.robot_uspto_pat mu

join uspto.patent pa on mu.patent_id = pa.id
where pa.type in ('utility')

Query C.2: Only Utility Patents of Robotics
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Chapter C: Appendix to Chapter 4: Innovative Activities Captured through Semantic Analysis of

Patents and Trademarks

Table C.1: CPC Subgroup IDs used of the Selection of Robotic Patents

CPC Subgroup ID

Description

A47L.2201/00
A471.2201/02

A471.2201/022

A471.2201/024

A471.2201/026

A471.2201/028

A471.2201/04

A471.2201/06

A61B2034/305

A61B2034/306

A61B34/30

A61B34/32

A61B34/35

A61B34/37

A61B6/4458

B07C2501/0063
B25J11/0015

B25J13/089

B25J19/0029

B25J19/0033

B25119/0037

B25J19/0041

B25J9/0003
B2519/065
B25J9/1035

B29C2945/76317

B29C2945/76795

B32B2038/1891
B64G2001/247

B64G2004/005
B65F2230/14
B65H2555/31
B67D2007/0403

B67D2007/0405

B67D2007/0407

B67D2007/0409

B67D2007/0411

B67D2007/0413

B67D2007/0415

B67D2007/0417

B67D2007/0419

B67D2007/0421

Robotic cleaning machines, i.e. with automatic control of the travelling movement or the cleaning operation

Robotic cleaning machines, i.e. with automatic control of the travelling movement or the cleaning operation-Docking stations; Docking
operations

Robotic cleaning machines, i.e. with automatic control of the travelling movement or the cleaning operation-Docking stations; Docking
operations-Recharging of batteries

Robotic cleaning machines, i.e. with automatic control of the travelling movement or the cleaning operation-Docking stations; Docking
operations-Emptying dust or waste liquid containers

Robotic cleaning machines, i.e. with automatic control of the travelling movement or the cleaning operation-Docking stations; Docking
operations-Refilling cleaning liquid containers

Robotic cleaning machines, i.e. with automatic control of the travelling movement or the cleaning operation-Docking stations; Docking
operations-Refurbishing floor engaging tools, e.g. cleaning of beating brushes

Robotic cleaning machines, i.e. with automatic control of the travelling movement or the cleaning operation-Automatic control of the travelling
movement; Automatic obstacle detection

Robotic cleaning machines, i.e. with automatic control of the travelling movement or the cleaning operation-Control of the cleaning action for
autonomous devices; Automatic detection of the surface condition before, during or after cleaning

Computer-aided surgery; Manipulators or robots specially adapted for use in surgery-Surgical robots-Details of wrist mechanisms at distal ends
of robotic arms

Computer-aided surgery; Manipulators or robots specially adapted for use in surgery-Surgical robots-Details of wrist mechanisms at distal ends
of robotic arms-Wrists with multiple vertebrae

Computer-aided surgery; Manipulators or robots specially adapted for use in surgery-Surgical robots

Computer-aided surgery; Manipulators or robots specially adapted for use in surgery-Surgical robots-operating autonomously

Computer-aided surgery; Manipulators or robots specially adapted for use in surgery-Surgical robots-for telesurgery

Computer-aided surgery; Manipulators or robots specially adapted for use in surgery-Surgical robots-Master-slave robots

Apparatus for radiation diagnosis, e.g. combined with radiation therapy equipment -Constructional features of the device for radiation diagnosis-
related to the mounting of source units and detector units -the source unit or the detector unit being attached to robotic arms

Sorting according to a characteristic or feature of the articles or material to be sorted-Using robots

Manipulators not otherwise provided for-Manipulators having means for high-level communication with users, e.g. speech generator, face
recognition means-Face robots, animated artificial faces for imitating human expressions

Controls for manipulators -by means of sensing devices, e.g. viewing or touching devices-with position, velocity or acceleration sensors-
Determining the position of the robot with reference to its environment

Accessories fitted to manipulators, e.g. for monitoring, for viewing; Safety devices combined with or specially adapted for use in connection
with manipulators -Means for supplying energy to the end effector-arranged within the different robot elements

Accessories fitted to manipulators, e.g. for monitoring, for viewing; Safety devices combined with or specially adapted for use in connection
with manipulators -Means for supplying energy to the end effector-arranged within the different robot elements-with axial connectors in end
effector flange

Accessories fitted to manipulators, e.g. for monitoring, for viewing; Safety devices combined with or specially adapted for use in connection with
manipulators -Means for supplying energy to the end effector-arranged within the different robot elements-comprising a light beam pathway,
e.g. laser

Accessories fitted to manipulators, e.g. for monitoring, for viewing; Safety devices combined with or specially adapted for use in connection
with manipulators -Means for supplying energy to the end effector-arranged within the different robot elements-having rotary connection means
Programme-controlled manipulators-Home robots, i.e. small robots for domestic use

Programme-controlled manipulators-characterised by multi-articulated arms-Snake robots

Programme-controlled manipulators-characterised by positioning means for manipulator elements-Gears specially adapted therefor, e.g. reduc-
tion gears -Pinion and fixed rack drivers, e.g. for rotating an upper arm support on the robot base

Indexing scheme relating to injection moulding, i.e. forcing the required volume of moulding material through a nozzle into a closed mould-
Measuring, controlling or regulating-Location of measurement -Auxiliary devices-robots, grippers

Indexing scheme relating to injection moulding, i.e. forcing the required volume of moulding material through a nozzle into a closed mould-
Measuring, controlling or regulating-Location of control -Auxiliary devices-robots, grippers

Ancillary operations in connection with laminating processes-Handling of layers or the laminate-Using a robot for handling the layers
Cosmonautic vehicles-Parts of, or equipment specially adapted for fitting in or to, cosmonautic vehicles-Guiding or controlling apparatus, e.g.
for attitude control -Advanced control concepts for autonomous, robotic spacecraft, e.g. by using artificial intelligence, neural networks or
autonomous agents

Tools specially adapted for use in space-Robotic manipulator systems for use in space

Shapes of refuse receptacles-Robot

Actuating means-Multi-axis-Robots

Apparatus or devices for transferring liquids from bulk storage containers or reservoirs into vehicles or into portable containers, e.g. for retail
sale purposes -for transferring fuels, lubricants or mixed fuels and lubricants-arrangements for automatically fuelling vehicles, i.e. without
human intervention-Fuelling robots

Apparatus or devices for transferring liquids from bulk storage containers or reservoirs into vehicles or into portable containers, e.g. for retail
sale purposes -for transferring fuels, lubricants or mixed fuels and lubricants-arrangements for automatically fuelling vehicles, i.e. without
human intervention-Fuelling robots-Opening devices

Apparatus or devices for transferring liquids from bulk storage containers or reservoirs into vehicles or into portable containers, e.g. for retail
sale purposes -for transferring fuels, lubricants or mixed fuels and lubricants-arrangements for automatically fuelling vehicles, i.e. without
human intervention-Fuelling robots-Opening devices-for fuel tank flaps

Apparatus or devices for transferring liquids from bulk storage containers or reservoirs into vehicles or into portable containers, e.g. for retail
sale purposes -for transferring fuels, lubricants or mixed fuels and lubricants-arrangements for automatically fuelling vehicles, i.e. without
human intervention-Fuelling robots-Opening devices-for fuel tank flaps-using vacuum cups

Apparatus or devices for transferring liquids from bulk storage containers or reservoirs into vehicles or into portable containers, e.g. for retail
sale purposes -for transferring fuels, lubricants or mixed fuels and lubricants-arrangements for automatically fuelling vehicles, i.e. without
human intervention-Fuelling robots-Opening devices-for fuel tank flaps-using grippers

Apparatus or devices for transferring liquids from bulk storage containers or reservoirs into vehicles or into portable containers, e.g. for retail
sale purposes -for transferring fuels, lubricants or mixed fuels and lubricants-arrangements for automatically fuelling vehicles, i.e. without
human intervention-Fuelling robots-Opening devices-for fuel tank flaps-using air blast

Apparatus or devices for transferring liquids from bulk storage containers or reservoirs into vehicles or into portable containers, e.g. for retail
sale purposes -for transferring fuels, lubricants or mixed fuels and lubricants-arrangements for automatically fuelling vehicles, i.e. without
human intervention-Fuelling robots-Opening devices-for filler caps

Apparatus or devices for transferring liquids from bulk storage containers or reservoirs into vehicles or into portable containers, e.g. for retail
sale purposes -for transferring fuels, lubricants or mixed fuels and lubricants-arrangements for automatically fuelling vehicles, i.e. without
human intervention-Fuelling robots-Manipulator arms

Apparatus or devices for transferring liquids from bulk storage containers or reservoirs into vehicles or into portable containers, e.g. for retail
sale purposes -for transferring fuels, lubricants or mixed fuels and lubricants-arrangements for automatically fuelling vehicles, i.e. without
human intervention-Fuelling robots-Fuelling nozzles

Apparatus or devices for transferring liquids from bulk storage containers or reservoirs into vehicles or into portable containers, e.g. for retail
sale purposes -for transferring fuels, lubricants or mixed fuels and lubricants-arrangements for automatically fuelling vehicles, i.e. without
human intervention-Fuelling robots-Fuelling nozzles-with locking devices

The table provides an overview of the selected CPC Subgroups and their description.
Source: Own representation based on USPTO data.
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C.1 Robotics

Table C.2: CPC Subgroup IDs used of the Selection of Robotic Patents (continued)

CPC Subgroup ID Description

B67D2007/0423 Apparatus or devices for transferring liquids from bulk storage containers or reservoirs into vehicles or into portable containers, e.g. for retail
sale purposes -for transferring fuels, lubricants or mixed fuels and lubricants-arrangements for automatically fuelling vehicles, i.e. without
human intervention-Fuelling robots-Fuelling hoses

B67D2007/0425 Apparatus or devices for transferring liquids from bulk storage containers or reservoirs into vehicles or into portable containers, e.g. for retail
sale purposes -for transferring fuels, lubricants or mixed fuels and lubricants-arrangements for automatically fuelling vehicles, i.e. without
human intervention-Fuelling robots-Fuelling hoses-comprising a single hose for several fuels

B67D2007/0426 Apparatus or devices for transferring liquids from bulk storage containers or reservoirs into vehicles or into portable containers, e.g. for retail
sale purposes -for transferring fuels, lubricants or mixed fuels and lubricants-arrangements for automatically fuelling vehicles, i.e. without
human intervention-Fuelling robots-Fuelling hoses-comprising several hoses for several fuels

B67D2007/0428 Apparatus or devices for transferring liquids from bulk storage containers or reservoirs into vehicles or into portable containers, e.g. for retail
sale purposes -for transferring fuels, lubricants or mixed fuels and lubricants-arrangements for automatically fuelling vehicles, i.e. without
human intervention-Fuelling robots-Fuelling hoses-having devices to avoid a mix up of different fuels

B67D2007/043 Apparatus or devices for transferring liquids from bulk storage containers or reservoirs into vehicles or into portable containers, e.g. for retail
sale purposes -for transferring fuels, lubricants or mixed fuels and lubricants-arrangements for automatically fuelling vehicles, i.e. without
human intervention-Fuelling robots-Moveable

B67D2007/0432 Apparatus or devices for transferring liquids from bulk storage containers or reservoirs into vehicles or into portable containers, e.g. for retail
sale purposes -for transferring fuels, lubricants or mixed fuels and lubricants-arrangements for automatically fuelling vehicles, i.e. without
human intervention-Fuelling robots-Moveable-according to a planar coordinate system

B67D2007/0434 Apparatus or devices for transferring liquids from bulk storage containers or reservoirs into vehicles or into portable containers, e.g. for retail
sale purposes -for transferring fuels, lubricants or mixed fuels and lubricants-arrangements for automatically fuelling vehicles, i.e. without
human intervention-Fuelling robots-Moveable-according to a planar coordinate system-with the ability to compensate movements of the car
during filling

B67D2007/0436 Apparatus or devices for transferring liquids from bulk storage containers or reservoirs into vehicles or into portable containers, e.g. for retail
sale purposes -for transferring fuels, lubricants or mixed fuels and lubricants-arrangements for automatically fuelling vehicles, i.e. without
human intervention-Fuelling robots-Moveable-according to a spatial coordinate system

B67D2007/0438 Apparatus or devices for transferring liquids from bulk storage containers or reservoirs into vehicles or into portable containers, e.g. for retail
sale purposes -for transferring fuels, lubricants or mixed fuels and lubricants-arrangements for automatically fuelling vehicles, i.e. without
human intervention-Fuelling robots-Moveable-according to a spatial coordinate system-with the ability to compensate movements of the car

during filling
F16H2057/0043 General details of gearing -Mounting or adjusting transmission parts by robots
F16H2061/0071 Control functions within ; control units of; change-speed- or reversing-gearings for conveying rotary motion ; ; Control of exclusively fluid

gearing, friction gearing, gearings with endless flexible members or other particular types of gearing-Method or means for testing of transmission
controls or parts thereof-Robots or simulators for testing control functions in automatic transmission

GOIN35/0099 Automatic analysis not limited to methods or materials provided for in any single one of groups GOIN1/00 - GO1N33/00; Handling materials
therefor-comprising robots or similar manipulators
GO01S13/881 Systems using the reflection or reradiation of radio waves, e.g. radar systems; Analogous systems using reflection or reradiation of waves whose

nature or wavelength is irrelevant or unspecified -Radar or analogous systems specially adapted for specific applications -for robotics

G05B2219 828 subgroups of GO5B2219, covering aspects of Program-control systems

The table provides an overview of the selected CPC Subgroups and their description. Additionally, 828
subgroups belong to class GO5SB2219, that covers Program-control systems in various forms.
Source: Own representation based on USPTO data.
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Trademark Selection

select

into fs.robot_trademarks_statement

from trademarks.[statement]

where serial_no in (

select serial_no

from trademarks.case_file

where mark_id_char like '%robot%'

)

and left(statement_type_cd, 2) in ('GS'")

union

select

from trademarks.statement

where serial_no in (

select serial_no

from trademarks.[statement]

where statement_text like '%robot%'

and left(statement_type_cd, 2) in ('PM')
)

and left(statement_type_cd, 2) in ('GS")

union
select *

from trademarks.statement

where statement_text like '%robot%'

and left(statement_type_cd, 2) in ('GS"')

Query C.3: All Trademarks of Robotics

select mu.statement_type_cd, mu.statement_text, mu.serial_no
into fs.robot_trademarks_statement_registered

from fs.robot_trademarks_statement mu

join trademarks.case_file cf on mu.serial_no = cf.serial_no
where cf.registration_no not in ('0000000')

Query C.4: Only Registered Trademarks of Robotics

select distinct mu.serial_no
into fs.robot_trademarks_registered
from fs.robot_trademarks_statement_registered mu

Query C.5: Distinct Registered Trademarks of Robotics
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C.1.2 Topic Modelling Results
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Figure C.1: Exclusivity-Semantic Coherence Trade-off of the Topics of Robotics Model 115.
For the model with 115 topics, the trade-off between exclusivity and semantic coherence for each
topic is displayed. This means that topic 38 for example is high on exclusive words but the words
are less coherent, while topic 63 has a lot of common words with high coherence.
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Significant IPR Type ¢ Neither 4 Patent # Trademark

Figure C.2: Significance of Robotic Topics in Patents or Trademarks.
Each topics relates to a varying degree to patents or trademarks. The figure weights the occurrence
probability of trademarks and patents against each other. If the mean and the variance in this
figure are more likely in one document type, the occurrence is significance. In case of patents and
trademarks, the related topics are coloured accordingly. The significance is calculated based on a
95% confidence interval.
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CPC Subgroup ID
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(d) Main Documents in Topic 72
Topic 72 : toy model doll vehicle child

4217724

a mechanical construction toy for children of
preschool age which can be assembled to form a
robot. the construction toy has several parts
which may be

vl oL

4572530

a ride—on convertible robot toy. the toy is large
enough to serve as a child's riding car. it has
articulated arms and hands that

ol I .|J.I.

9889388

a toy building block robot and a main control box
thereof are disclosed. the main control box
comprises a toy building—block robot main control
housing

S IR ,| _,.,.|J,,

30 60 90
Topic Distribution

IPR Type [l Patent

Figure C.3: Overview of Robotic Topic 72.

For topic 72, the expected topic proportion per IPR and over time are given. As can be seen,
the topic is strong in trademarks and less relevant in patents, also in the time overview. The
classifications related to games and toys. The documents in relation to the topics focus on toys in
trademarks and there on toy products. The patent documents describe different kinds of robotic
toys. The patent documents are less focused on topic 72 than the trademark documents, but also
occur in other topics. Overall, the general area of invention and application matches. Patents
provide more insights on the toy inventions themselves while trademarks highlight the occurrence

of robotic toys and their application.
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games and playthings, namely, toy boxes and
chests, bath toys, bathtub toys, battery operated
action toys, bendable toys, caps for toy pistols,
cases for toy vehicles

77684313

games and playthings, namely, toy boxes and
chests, bath toys, bathtub toys, battery operated
action toys, bendable toys, caps for toy pistols,
cases for toy vehicles

86594578

action figure toys; articles of clothing for

toys; attachable, wearable, magnetic toy

figurines; baby multiple activity toys; bath
toys; cat toys; children's dress up accessories
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Analysis of Robotic Topic 37

(a) Expected Topic Proportion per IPR in Topic 37
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(d) Main Documents in Topic 37
Topic 37 : design service field development research

8301421

the specification and drawings present a new

method, system and software product for and

apparatus for generating a robotic validation
system for a robot desian. the
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0.0- I T I,.,-,_. . e _I,I,.. I | P & I,,
8407158
an approach provides interactive troubleshooting.
a robotic chat application receives a service
inquiry over a chat session from a chat-enabled
device, wherein the service inquiry
@ 0.2-
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5 0.
oY
0.0- PRI JI,.II. T | P .,.d I
9195233
the present invention provides a general purpose
operating system that shows particular usefulness
in the robotics and automation fields. the
operating system provides individual services and
0.2-
0.1- |
- e e e B |J_,. L I.. T E— ]I .
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0 30 60 90

Topic Distribution
IPR Type [ Patent

Figure C.4: Overview of Robotic Topic 37.

Trademarks are strong in topic 37 in comparison to patents. This is especially true in the beginning
of 1980s. Since then, patents and trademarks started to converge, the topic becoming less important
in trademarking. The trademark classes are especially related to service classes and here scientific
research, while the patent classes relate to the investigation of different material. This is in line
with the main words of the topic that also relate to services and research. In detail, however, it is
noticeable that although the texts can generally be assigned to the field, no clear common theme
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investment management services; investment
advice; financial risk management; mutual fund
investment services; mutual fund distribution
services; investment advisory services; financial
investment research; financial research;
financial information

86353059

mechanical and civil engineering research;
engineering services, particularly technical
project planning; technical research in the field
of engineering, research and development of new
products for others

86785639

engineering; engineering design services;
computer engineering, namely, computer—aided
engineering services for others; software
engineering, namely, development of software;
mechanical engineering; engineering consultancy;
engineering drawing; engineering

30 60 90
Topic Distribution

. Trademark

can be identified within Research. Here, the trademarks are also very broadly positioned.
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Gamma
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(d) Main Documents in Topic 69
Topic 69 : aircraft unmanned vehicle aerial drone

9382003

modern farming is currently being done by
powerful ground equipment or aircraft that weigh
several tons and treat uniformly tens of hectares
per hour. automated farming
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a method with an unmanned aerial vehicle (uav)
associated with a cell site includes causing the
uav to fly at or near the cell site, wherein
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per hour. automated farming
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Figure C.5: Overview of Robotic Topic 69.
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drones for aerial filming; unmanned aerial
vehicles (uavs); drones in the nature of unmanned
aerial vehicles for the purposes of aerial
photography, aerial filming of sports
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altimeters; antennas and aerials; automatic
flight control and pilot systems comprising
computer hardware and software for controlling
the flight of aircraft, unmanned aerial systems
(uas), drones
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aircraft; drones; robotic transport aircraft;

unmanned aerial vehicles (uavs); civilian drones
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Trademarks are stronger in topic 69 in comparison to patents. There are interesting peaks visible in
the 1985s and around 2010. The trademark classes 7 and 9 are especially related to machines and
instruments for controlling and monitoring aircraft, while the patent classes relate to aerodynamic
aspects (B64C), Master slave robots (A61B34), and controls (GO5SD). Further of interest is that
the trademark as well as the patent documents are very focused on the topic of unmanned aerial
vehicles. In topic 72 as well as in topic 37, only trademarks were focused while patents were

present in diverse topics.
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Analysis of Robotic Topic 90
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(d) Main Documents in Topic 90
Topic 90 : drive motor shaft gear wheel

4504753 76307418
electrical compact drive, including first and machine and robot parts, namely, gear drives,
second independently drivable drive shafts, the namely, planetary gear drives; and tightening
second drive shaft being in the form of a hollow rings for connecting gear drive shafts sold as a
shaft and the first component part of gear
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racks, industrial robots
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a robot arm assembly includes a first output mecanum wheel drives that are part of machines;
shatft, a first driving mechanism, a second output electric motors for mecanum wheels, other than
shaft and a second driving mechanism. the first for land vehicles; drives for motors other than
driving mechanism for land vehicles
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Figure C.6: Overview of Robotic Topic 90.
Topic 90 has a strong overlap of patents and trademarks in the estimated topic occurrence, also
in the time overview. The classifications focus mainly on machinery and motor aspects. The
documents in relation to the topics focus on machines and components in trademarks and patents.
Both IPRs display a high level of detail in their descriptions and are in line with each other.
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Analysis of Robotic Topic 109
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(d) Main Documents in Topic 109
Topic 109 : network communication application provide management

7162471

a content query management system at a content
site employs a number of community and customized
software search robots which collect content,
such as messages from
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a system and method for searching and voting on
internet—accessible content is presented.
html-linked content on one or more internet host
servers is indexed
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Figure C.7: Overview of Robotic Topic 109.

75864038

telecommunications messaging services allowing an
individual or organization to distribute either
manually or by means of robotically monitoring
data streams, time sensitive information which

may be
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telecommunications messaging services allowing an
individual or organization to distribute either
manually or by means of robotically monitoring
data streams, time sensitive information which
may be
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digital fraud prevention services, namely, an
application service provider (asp) featuring
software for identification and ad delivery
verification, namely, providing authentication of
end users that an
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Topic 109 has a strong overlap of patents and trademarks in the estimated topic occurrence, also in
the time overview. The patent classes relate to robots (B25J9, Y10S901) and positioning (GO5D1),
while the Nice classes are related to, among others, machines (cl. 7), data transmission (cl. 9) and
the development of computer and software (cl. 42). The documents in relation to the topic are
focused on the topic. Both IPRs display a high level of detail in their descriptions and are in line

with each other.
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(d) Main Documents in Topic 27
Topic 27 : surgical instrument distal couple proximal

8801661

the apparatus of one embodiment of the present
invention is comprised of a flexible sheath
instrument, a flexible guide instrument, and a
tool. the flexible sheath
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the apparatus of one embodiment of the present
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tool. the flexible sheath
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the apparatus of one embodiment of the present
invention is comprised of a flexible sheath
instrument, a flexible guide instrument, and a
tool. the flexible sheath
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Figure C.8: Overview of Robotic Topic 27.

Trademarks and patents do strongly overlap in topic 27. Neither of the two IPRs is significant in
the topic. Patent and trademark classification relate to surgery and medical topics. This is in line
with the textual description. Here the patent description is more precise in the invention itself,

120

0.8-
0.6-
0.4-
0.2-
0.0-

0.8-
0.6-
0.4-
0.2-
0.0-

0.8~
0.6-
0.4-
0.2-
0.0-

87255341

surgical, medical, dental and veterinary
apparatus and instruments, in particular, medical
devices, namely, access devices in the nature of

trocars for use in manual and robotically

87255434

surgical, medical, dental and veterinary
apparatus and instruments, in particular, medical
devices, namely, access devices in the nature of

trocars for use in manual and robotically

87255496

surgical, medical, dental and veterinary
apparatus and instruments, in particular, medical
devices, namely, access devices in the nature of

trocars for use in manual and robotically

30 60 90
Topic Distribution

. Trademark

while the trademarks describe the application area of the instruments in the surgical context.
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(d) Main Documents in Topic 103
Topic 103 : cup teat milk animal milking

9468188

a robotic attacher retrieves a preparation cup
from the left side of an equipment area located
behind a dairy livestock and attaches and
detaches the preparation

0.8-
0.6~
0.4-
0.2-
0.0- =
9485955
a robotic attacher retrieves a preparation cup
from the right side of an equipment area located
behind a dairy livestock and attaches and
detaches the preparation
0.8~
0.6~
0.4-
0.2-
00 -t -1
9737042
a robotic attacher retrieves a preparation cup
from an equipment area located behind a dairy
livestock and attaches and detaches the
preparation cup to the teats

0.8-
0.6~
0.4-
0.2-

- IO |
0.0-
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Topic Distribution

IPR Type . Patent

Figure C.9: Overview of Robotic Topic 103.

0.4-
0.2-

0.0-

0.4-
0.2-

0.0-

0.4-
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120
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75256569

equipment for stable and pasture and for dairy

cattle, namely, machines for supplying fodder
concentrate in fodder troughs; automatic coveyors

for stable cleaning; stable cleaning machines

77048658

non-metal tubing used in pipeline vacuum,
milking, and clean-in—place systems,
refrigeration systems, detachers and meters, and
robotic milking systems *

85205063

dairy and milking apparatus, equipment and
instruments, namely, robotic systems for milking
animals comprising milking machines, milking
stalls, detachers, uncouplers, milk meters,
computer hardware and software

30 60 90 120
Topic Distribution

. Trademark

Topic 103 is equally likely to occur in trademarks and in patents. It covers diary and milking
aspects in robotics. This is an area of service robotic application. The application areas described
in trademarks are very precise and provide additional insights on the application of milking robots.



C.1 Robotics

(a) Five Major Firms in Topic 27

Type . Patent . Trademark

intuitive surgical operations inc -

ethicon inc -

ethicon endo surgery inc -

Firms

hansen medical inc -

covidien Ip - o.

0.0% 5.0% 10.0% 15.0% 20.0% 25.0%
Relative Sum of Gamma

(b) Five Major Firms in Topic 103

Type . Patent . Trademark

B3

technologies holdings corp - o.

delaval holding ab- o.

lely enterprises ag -

Firms

maasland nv -

lely patentnv - o.

0% 10% 20%
Relative Sum of Gamma

Figure C.10: Five Major Firms in Topics 27 and 103.

The figures display the major five firms active in trademarking and patenting in the topics 27
and 103. The relative sum of gamma is displayed which indicates the proportion of the firm

documents in the topic. The relative sum of gamma over all firms add up to 100%.
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C.2 Footwear

Subsection C.2.1 discloses the queries used to identify the Footwear data set. Additionally, background
information on the considered patent CPC subgroups are provided. Subsection C.2.2 then provides
further detail of the model selection, especially disclosing the metrics to evaluate the topic number K
(see Figure C.11), the trade-off between exclusivity and semantic coherence in general (Figure C.12a),
and for selected models (Figure C.12b). Subsection C.2.3 then discloses general information on the data
set such as the development of registered documents over time (see Figure 4.12) or the distribution of
patent (Figure C.13a) or trademark classes (Figure C.13b) in the data set, further information on the
topics in general like the significance of the different topics in the IPRs (Figure C.15) or main documents
for selected topics (Subsection C.2.3).

C.2.1 Data Selection

Patent Selection

select distinct cp.patent_id

into fs.foot_uspto_pat

from uspto.cpc_current cp

inner join fs.foot_uspto_cpc_subgroup_selected se on se.id = cp.subgroup_id

union

select distinct pa.id as 'patent_id'

from uspto.patent pa

where

(abstract like '%shoe%' or title like '%shoe%') and (abstract like '%foot%' or
title like '%foot%')

or (abstract like '%footwear' or title like '%footwear%')

Query C.6: All Patents of Footwear

select distinct patent_id

into fs.foot_uspto_pat_util

from fs.foot_uspto_pat mu

join uspto.patent pa on mu.patent_id = pa.id
where pa.type in ('utility')

Query C.7: Only Utility Patents of Footwear

Trademark Selection

Trademarks are selected based on keywords in the trademark name, pseudo name or in the goods and
service field description (see Query C.8):

Case 1: Trademarks with “footwear” in the name, or with “shoe” in the name and “foot” in the name or
description are selected.

Case 2: Trademarks with “shoe” and “foot”, or “footwear” as pseudo names are selected.

Case 3: Trademarks with “foot” and ““shoe”, or with “footwear” in their goods and service description
are selected.
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C.2 Footwear

Table C.3: CPC Subgroup IDs used of the Selection of Footwear Patents

CPC Subgroup ID Description

A43B1/00 Footwear characterised by the material

A43B1/0009 Footwear characterised by the material -Footwear made at least partially of alveolar or honeycomb material

A43B1/0018 Footwear characterised by the material -Footwear made at least partially of flexible, bellow-like shaped material

A43B1/0027 Footwear characterised by the material -Footwear made at least partially from a material having special colours

A43B1/0036 Footwear characterised by the material -Footwear made at least partially from a material having special colours-with fluorescent or phosforescent
parts

A43B1/0045 Footwear characterised by the material -Footwear made at least partially of deodorant means

A43B1/0054 Footwear characterised by the material -Footwear provided with magnets, magnetic parts or magnetic substances

A43B1/0063 Footwear characterised by the material -Footwear made at least partially of material that can be recycled

A43B1/0072 Footwear characterised by the material -Footwear made at least partially of transparent or translucent materials

A43B1/0081 Footwear characterised by the material -Footwear made at least partially of hook-and-loop type material

A43B1/009 Footwear characterised by the material -Footwear made at least partially of washable material

A43B1/02 Footwear characterised by the material -Footwear made of animal or plant fibres or fabrics made therefrom

A43B1/04 Footwear characterised by the material -Footwear made of animal or plant fibres or fabrics made therefrom-Braided, knotted, knitted, or
crocheted footwear

A43B1/06 Footwear characterised by the material -Footwear made of wood, cork, card-board, paper or like fibrous material

A43B1/08 Footwear characterised by the material -Footwear made of metal

A43B1/10 Footwear characterised by the material -Footwear made of rubber

A43B1/12 Footwear characterised by the material -Footwear made of rubber-of rubber waste

A43B1/14 Footwear characterised by the material -Footwear made of gutta-percha, celluloid, or plastics

A43B11/00 Footwear with miscellaneous arrangements to facilitate putting-on or removing, e.g. with straps

A43B11/02 Footwear with miscellaneous arrangements to facilitate putting-on or removing, e.g. with straps-with built-in shoe-horns

A43B13/145 Soles ; Sole and heel units-characterised by the constructive form-provided with wedged, concave or convex end portions, e.g. for improving
roll-off of the foot-Convex portions, e.g. with a bump or projection, e.g. "Masai’ type shoes

A43B13/38 Soles ; Sole and heel units-Built-in insoles joined to uppers during the manufacturing process, e.g. structural insoles; Insoles glued to shoes
during the manufacturing process

A43B13/383 Soles ; Sole and heel units-Built-in insoles joined to uppers during the manufacturing process, e.g. structural insoles; Insoles glued to shoes
during the manufacturing process-pieced

A43B13/386 Soles ; Sole and heel units-Built-in insoles joined to uppers during the manufacturing process, e.g. structural insoles; Insoles glued to shoes
during the manufacturing process-multilayered

A43B13/39 Soles ; Sole and heel units-Built-in insoles joined to uppers during the manufacturing process, e.g. structural insoles; Insoles glued to shoes
during the manufacturing process-with upset sewing ribs

A43B13/40 Soles ; Sole and heel units-Built-in insoles joined to uppers during the manufacturing process, e.g. structural insoles; Insoles glued to shoes
during the manufacturing process-with cushions

A43B13/41 Soles ; Sole and heel units-Built-in insoles joined to uppers during the manufacturing process, e.g. structural insoles; Insoles glued to shoes
during the manufacturing process-combined with heel stiffener, toe stiffener, or shank stiffener

A43B15/00 Welts for footwear

A43B17/00 Insoles for insertion, e.g. footbeds or inlays, for attachment to the shoe after the upper has been joined

A43B17/003 Insoles for insertion, e.g. footbeds or inlays, for attachment to the shoe after the upper has been joined -characterised by the material

A43B17/006 Insoles for insertion, e.g. footbeds or inlays, for attachment to the shoe after the upper has been joined -characterised by the material -multilayered

A43B17/02 Insoles for insertion, e.g. footbeds or inlays, for attachment to the shoe after the upper has been joined -wedge-like or resilient

A43B17/023 Insoles for insertion, e.g. footbeds or inlays, for attachment to the shoe after the upper has been joined -wedge-like or resilient-wedge-like

A43B17/026 Insoles for insertion, e.g. footbeds or inlays, for attachment to the shoe after the upper has been joined -wedge-like or resilient-filled with a
non-compressible fluid, e.g. gel, water

A43B17/03 Insoles for insertion, e.g. footbeds or inlays, for attachment to the shoe after the upper has been joined -wedge-like or resilient-filled with a gas,
e.g. air

A43B17/035 Insoles for insertion, e.g. footbeds or inlays, for attachment to the shoe after the upper has been joined -wedge-like or resilient-filled with a gas,
e.g. air-provided with a pump or valve

A43B17/04 Insoles for insertion, e.g. footbeds or inlays, for attachment to the shoe after the upper has been joined -with metal insertions or coverings

A43B17/06 Insoles for insertion, e.g. footbeds or inlays, for attachment to the shoe after the upper has been joined -with metal springs

A43B17/08 Insoles for insertion, e.g. footbeds or inlays, for attachment to the shoe after the upper has been joined -ventilated

A43B17/10 Insoles for insertion, e.g. footbeds or inlays, for attachment to the shoe after the upper has been joined -specially adapted for sweaty feet;
waterproof

A43B17/102 Insoles for insertion, e.g. footbeds or inlays, for attachment to the shoe after the upper has been joined -specially adapted for sweaty feet;
waterproof-Moisture absorbing socks; Moisture dissipating socks

A43B17/105 Insoles for insertion, e.g. footbeds or inlays, for attachment to the shoe after the upper has been joined -specially adapted for sweaty feet;
waterproof-Moisture absorbing socks; Moisture dissipating socks-Disposable

A43B17/107 Insoles for insertion, e.g. footbeds or inlays, for attachment to the shoe after the upper has been joined -specially adapted for sweaty feet;
waterproof-waterproof

A43B17/12 Insoles for insertion, e.g. footbeds or inlays, for attachment to the shoe after the upper has been joined -made of wood

A43B17/14 Insoles for insertion, e.g. footbeds or inlays, for attachment to the shoe after the upper has been joined -made of sponge, rubber, or plastic
materials

A43B17/16 Insoles for insertion, e.g. footbeds or inlays, for attachment to the shoe after the upper has been joined -with heel or toe caps

A43B17/18 Insoles for insertion, e.g. footbeds or inlays, for attachment to the shoe after the upper has been joined -Arrangements for attaching removable
insoles to footwear

A43B19/00 Shoe-shaped inserts; Inserts covering the instep

A43B19/005 Shoe-shaped inserts; Inserts covering the instep -Weighted inserts for shoes, i.e. insert comprising an additional weight

A43B23/00 Uppers; Boot legs; Stiffeners; Other single parts of footwear

A43B23/02 Uppers; Boot legs; Stiffeners; Other single parts of footwear-Uppers; Boot legs

A43B23/0205 Uppers; Boot legs; Stiffeners; Other single parts of footwear-Uppers; Boot legs -characterised by the material

A43B23/021 Uppers; Boot legs; Stiffeners; Other single parts of footwear-Uppers; Boot legs -characterised by the material -Leather

A43B23/0215 Uppers; Boot legs; Stiffeners; Other single parts of footwear-Uppers; Boot legs -characterised by the material -Plastics or artificial leather

A43B23/022 Uppers; Boot legs; Stiffeners; Other single parts of footwear-Uppers; Boot legs -characterised by the material -Plastics or artificial leather-with

waterproof breathable membranes

The table provides an extraction of the selected CPC Subgroups and their description. Full list available upon
request.
Source: Own representation based on USPTO data.
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select st.statement_type_cd, st.statement_text, st.serial_no

into fs.foot_trademarks_statement_20210118
from trademarks.[statement] st

join trademarks.case_file cf on cf.serial_no =
where cf.serial_no in (

select cf.serial_no

from trademarks.case_file cf

join trademarks.statement st on cf.serial_no =
where

-- Case 1:

st.serial_no

st.serial_no

cf.mark_id_char like '%shoe%' and -- mark_id_char: Trademark Name
(cf.mark_id_char like '%foot%' or st.statement_text like '%foot%')

or cf.mark_id_char like '%footwear%'

)

and left(statement_type_cd, 2) in ('GS') -- GS:
union
select
from trademarks.statement
where serial_no in (

select serial_no

from trademarks.[statement]
where

-- Case 2

%

((statement_text like '%shoe%' and statement_text like

like '%footwear%')
and left(statement_type_cd, 2) in ('PM') -- PM:
D)
and left(statement_type_cd, 2) in ('GS")
union
select
from trademarks.statement
-- Case 3

Goods and Service Field

Pseudo Mark

where ((statement_text like '%shoe%' and statement_text like '%foot%')

or statement_text like '%footwear%')
and left(statement_type_cd, 2) in ('GS'")

Query C.8: All Trademarks of Footwear

select mu.statement_type_cd, mu.statement_text,

mu.serial_no

into fs.foot_trademarks_statement_registered_20210118

from fs.foot_trademarks_statement_20210118 mu
join trademarks.case_file cf on mu.serial_no =
where cf.registration_no not in ('0000000"')

cf.serial_no

Query C.9: Only Registered Trademarks of Footwear

select distinct mu.serial_no
into fs.foot_trademarks_registered_20210118

from fs.foot_trademarks_statement_registered_20210118 mu

Query C.10: Distinct Registered Trademarks of Footwear
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C.2 Footwear

C.2.2 Model Selection in Footwear

(a) Overview of the Model Diagnostics in Footwear.
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(b) Zoomed Model Diagnostics in Footwear.
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Figure C.11: Metrics to Evaluate the Topic Number K in Footwear.

Metric
*  Exclusivity
* Held-out likelihood
¢ Residuals

¢ Semantic coherence

Metric
¢ Exclusivity
¢ Held-out likelihood
¢ Residuals

¢ Semantic coherence

The general diagnostics provide a first overview to determine the topic number K. For each model
calculated, the exclusivity, held-out likelihood, residuals and semantic coherence are determined.
Every point in the graph stands for a different model and its diagnostics. To determine K, the
metrics are weighted against each other. In case of residuals, models at the lowest point of the
slope are of interest. The figure provides an overview in Subfigure (a) and a zoomed perspective
in Subfigure (b). The zoomed perspective makes it easier to select models where a closer look

might be of interest.
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(b) Exclusivity-Semantic Coherence Trade-off of the Topics of Selected Models.

Figure C.12: Exclusivity and Semantic Coherence of Footwear Models in Comparison.
Subfigure (a) displays the mean exclusivity against the mean semantic coherence for each model.
A trade-off between exclusivity and semantic coherence needs to be found. After choosing
potential models, the exact exclusivity-semantic coherence trade-off per topic in the relevant
models are displayed in Subfigure (b). Here, each frame represents a model. Each point stands
for the trade-off of a topic of the model. In general, models with fewer topics have a higher
semantic coherence for more topics, but lower exclusivity.
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C.2 Footwear

(a) Patent Classification.
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C.2.3 Topic Modelling Results
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(b) Trademark Classification.
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Figure C.13: Footwear Trademarks and Patents in Existing Classification Schemes.

Subfigure (a) displays the CPC groups of the patent documents that have a total share of more
than 1%. Subfigure (b) displays the Nice classes of the trademark documents. The respective
classes are ordered alphabetically in a descending order. The length of the bar indicates the
relative occurrence of the CPC group compared to the total amount of patent documents in case
of patents or the relative occurrence of the Nice group compared to the total amount of trademark
documents in case of trademarks. As a document can be assigned to more than one CPC group
or more than on Nice class, the groups or classes do not sum up to 100%.
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Patent

0 500 1000

Figure C.14: Major 25 Firms in Footwear Patenting or Trademarking.

1500

Trademark

0 500 1000
Absolute Count

IPR Type . Patent . Trademark

- wolverine world wide inc

= under armour inc

= the burton corporation

- skechers u's ainc i

- shimano inc

-salomon s a

- reebok international Itd

- payless shoesource worldwide inc
=nordicaspa

= nine west development corporation
- nike inc

- new balance athletic shoe inc

= nba properties inc

- mizuno corporation

swui4

-lagearinc

= kinney shoe corporation

= harvey ball smile limited

- e s originals inc

- disney enterprises inc

- converse inc

- columbia insurance company
= brown shoe company inc

- asics corporation

- adidas international marketing b v
- adidas ag

The figure displays the major 25 firms with the most documents registered related to robotics.
The numbers are determined based on the documents filed under the same owner name. For each

firm, the entries are separated for patents and trademarks.
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Innovative Activities Captured through Semantic Analysis of

75-

50-

Topic

25-

-0.02
More likely in Patents

1

0.00
Not Significant

Significant IPR Type ¢ Neither 4 Patent

0.01 0.02
More likely in Trademarks

+ Trademark

Figure C.15: Significance of Footwear Topics in Patents or Trademarks. Each topics relates to a varying
degree to patents or trademarks. The figure weights the occurrence probability of trademarks
and patents against each other. If the mean and the variance in this figure are more likely in one
document type, the occurrence is significance. In case of patents and trademarks, the related

topics are coloured accordingly.
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Gamma
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various embodiments of a novel attachable garment
collar cover are disclosed. in one embodiment,
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and a collar arranged above the rigid heel
portion. the collar includes a first collar
portion and a

B | II_ -~ L - 0

0 25 50 75

Topic Distribution

IPR Type [l Patent

77503006

a-shirts; athletic apparel, namely, shirts,
pants, jackets, footwear, hats and caps, athletic
uniforms; button—front aloha shirts; camp shirts;

dress shirts; golf shirts; hooded sweat

0.8~

0.6-

0.4-

0.2-

0.0- _ A n L | "

77510348
a-shirts; athletic apparel, namely, shirts,
pants, jackets, footwear, hats and caps, athletic
uniforms; button—front aloha shirts; camp shirts;
dress shirts; golf shirts; hooded sweat

0.8-

0.6~

0.4-

0.2-

0.0- - N '8 L 1 "

77566225
a-shirts; athletic apparel, namely, shirts,
pants, jackets, footwear, hats and caps, athletic
uniforms; button—front aloha shirts; camp shirts;
dress shirts; golf shirts; hooded sweat

0.8~

0.6~

0.4-

0.2-

m_ i - L 1 -
00 1 1 = 1 .I

0 25 50 75
Topic Distribution

. Trademark

Figure C.16: Overview of Footwear Topic 23.
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Gamma
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a counter mounting within a snowboard boot having
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a shoe includes a shoe upper portion made of
flexible material, the upper portion including a
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an article of footwear comprising an upper
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Figure C.17: Overview of Footwear Topic 25.
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C.2 Footwear

Gamma

Topic 14 : boot position ski binding element

4165883 75126100
a safety ski binding mounted on member movable footwear, namely, boots, shoes and sandals; and
with respect to the ski but fixedly secured downhill ski equipment, namely, a flexible boot
thereto. a release of the ski boot from and rigid support combination for use in skiing
engagement with in place of a
1.00-
0.4-
0.75-
0.3~
0.50 - 0.2-
0.25- 0.1-
000_ _ 1 - 00_ ,,....-I_,,.I, .,I._._ . =« B_0_ . &
4266806 76401369
a safety ski binding mounted on a member movable
with respect to the ski but fixedly secured snowshoes, snowshoe poles and snow shoe grabbers,
: namely, traction devices attached to footwear
thereto. a release of the ski boot from -
worn with snowshoes
1.00- engagement
0.4-
0.75-
0.3-
0.50- 0.2~
0.25- 0.1-
0.00- A 1! 1| - 0.0- _,..._.I,,.I.,I, — B Y B
4678201 86503419
a ski binding which has a bearing member and cuffs; boot cuffs; parts of clothing, namely,
confinement means moveable relative to the gussets for coats, gloves, cuffs and boot cuffs;
bearing member to releasably confine a ski boot glove and cuff interface fastening system
1.00- in use. means comprised of magnetic, moldable plastic
0.4-
0.75-
0.3~
0.50- 0.2~
0.25- 0.1- |
J L1 . 1 SR I I O T I .
000 1 1 1 1 00 1 1 = 1 ! 1
0 25 50 75 0 25 50 75
Topic Distribution Topic Distribution
IPR Type . Patent . Trademark

Figure C.18: Overview of Footwear Topic 14.

215



Chapter C: Appendix to Chapter 4: Innovative Activities Captured through Semantic Analysis of
Patents and Trademarks

Topic 12 : coat sweater belt sock scarf

5813547 75456406
a rotatable shoe rack for visible and readily clothing, namely, pants, shirts, sweaters,
accessible storage of a plurality of clothing footwear, underwear, coats, ties, sweatshirts,
accessories such as shoes, ties, scarves and scarves, belts, gloves, hats, socks, jackets and
belts, comprising a pair blazers
0.3- 0.4-
0.2- 0.3
0.2-
01 = I | 0 1-
0.0- _.,..,Ill S I D TR R ...J._.I,,-,. " 0.0- o s -I 5 _ I I.I .
6745500 75978465
the present invention provides a belt fastening glothlng, nzﬂely,ﬁlei, scar\t/es, beltts,
means that can improve fittability of a shoe and . urll fsn/veart, Sl SRS, VES ? stv\v:a ers,d
that can equally tighten an upper of the shoe to Jackets, coats, ralnv;tla(ilréssoc Kb [BREE &l
0.3- 0.4-
g 0.3
E 0.- -
@ 0.2-
O 0.1-

0.1-

0.0- -I||_L e ) | NN D 0:0_ S o II .,| o I I.I m .

6966102 76693785

a belt adjuster, the belt adjuster includes a
base, holes used for penetrating the belt are
located in both sides; an adjustable support, a

pants, shirts, skirts, blouses, underwear, jeans,
hosiery, hats, scarves, gloves, jackets, sweaters
and footwear

snap two
0.3- 0.4-
0.2+ 0.3-
0.2-
0.1- | 014 |
0.0- I,___,IL.,I.:.. _.l.,l _ IJ .,I.,, ,L_I..,,., 0.0- I,... . I-I -1 . II I.I ,-I-
0 25 50 75 0 25 50 75
Topic Distribution Topic Distribution
IPR Type . Patent . Trademark

Figure C.19: Overview of Footwear Topic 12.
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Gamma
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Topic 41 : top short sweatshirt headwear tank

5503900

padding for use with snowboard bindings that
alleviate or reduce slippage of the boot when the
boot is in the bindings. the padding comprises a
structure

IlII,. La ._-I_.I

5848484

an athletic shoe is convertible from a low-top
shoe to a high—top shoe. the convertible shoe
includes a sole portion, an upper attached to

7475500

the invention relates to a shoe for providing
enhanced comfort and protection to a user's foot
having a sole with a top surface, an upper

P .I.l _ l,,! L I £ | I I! | N
75

0 25 50
Topic Distribution

IPR Type [l Patent

0.6-

0.0-

0.6-

0.4-

0.2-

0.0-

0.6-

85748833

bottoms; footwear; headwear; hooded sweatshirts;
jackets; jeans; pants; shorts; sweatshirts;
t=shirts; tank tops; tops

85748897

bottoms; footwear; headwear; hooded sweatshirts;
jackets; jeans; pants; shorts; sweatshirts;
t=shirts; tank tops; tops

86175543

clothing namely, shirts, t-shirts, tank tops,
tops, boxer shorts, shorts, hooded sweatshirts,
sweatshirts; swimwear; headwear; footwear

25 50 75
Topic Distribution

. Trademark

Figure C.20: Overview of Footwear Topic 41.
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Topic 21 : shoe boot football run tennis

6457266

77066964
an overshoe structure comprises an overshoe, a
container for holding the overshoe, and a anglers' shoes, baseball shoes, beach shoes,
fastening device for fastening detachably the bowling shoes, boxing shoes, canvas shoes,
container to a regular shoe. the esparto shoes, football shoes, golf shoes,
gymnastic shoes, handball shoes, hockey shoes,
0.4- hosiery, shoes
’ 0.8-
0.31 0.6-
0.2- 0.4-
0.1- 0.2-
00_ ,_,._,..I, _II am . . ____= o) o w o oo 00_ SRR N _ R - -
TR 85044528
in a snowboard boot having a soft inner shoe and 0
a soft outer shoe, a tension member connected to "’Lno%lv?irnsg ZT‘%ZZ‘ %ii?ﬁ;gsggseségsfgg :rtl;::’
the solelof the outer'shioeiis esparto shoes, football shoes, golf shoes,
gymnastic shoes, handball shoes, hockey shoes,
0.4- hosiery, shoes
© 0.8-
E 0.3- 06 .
g 0.2- 0.4-
Oo1- 0.2-
0.0- | ISR || DU N e I.., 0.0- N B - _
22z 86240660
a shoe locating system locates a missing match of » ;
a pair of shoes. Fthe sdysttlar?t |nr::Iudtes a left shoe att]hletlcbshotesti ballrgoml‘dancr:ng shl)oeg; bast?ball
processor unit and a left shoe transceiver shoes; boat shoes; bowling shoes; boxing shoes;
canvas shoes; climbing shoes; cycling shoes;
dance shoes; deck—shoes; drivers; football shoes
0.4-
0.8-
0.3- 0.6~
0.2- 0.4-
0.1- | 0.2-
O'O- ] - —— : - ] o : - 00- ] o ] a ] - ‘ ]
0 25 50 75 0 25 50 75
Topic Distribution Topic Distribution
IPR Type . Patent . Trademark

Figure C.21: Overview of Footwear Topic 21.
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Gamma

Topic 29 : dress skirt knit trouser blouse

6276176

a pantyhose garment is provided that has
relatively sheer leg portions that end with
knitted—in welts just below or above the knees,
and a reinforced

0.25-
0.20-
0.15-
0.10-
0.05- I
000_ | ] II..I,-. - ,J al. s . | 0. L o - e m-
6463765
a pantyhose garment is provided that has
relatively sheer leg portions that end with
knitted—in welts just below or above the knees,
and a reinforced
0.25-
0.20-
0.15-
0.10-
0.05- I
0.00 - "SR AT B B I DR B | P
7744171
this new accessory chest is a four piece
sectioned assembly storage chest that will neatly
store from top to bottom and throughout the
chest, a large
0.25-
0.20-
0.15-
0.10-
0.05-
I I..l...,J. IO R TR Pl | |_.|_,|.| ,|,||.| -
0 00 1 T A Al T Ill
0 25 50 75

Topic Distribution

IPR Type [l Patent

87160287

ball gowns; bathrobes; dresses; dresses, namely,
homecoming dresses, prom dress, bridesmaid dress,
evening dress, formalwear, namely, dresses;
dressing gowns; evening dresses; evening gowns;
wedding dresses; wedding

0.8~
0.6~
0.4-
0.2-
00 - R i — - [l i IS
87161399
ball gowns; bathrobes; dresses; dresses, namely,
homecoming dresses, prom dress, bridesmaid dress,
evening dress, formal dress; dressing gowns;
evening dresses; evening gowns; wedding dresses;
wedding gowns
0.8~
0.6~
0.4-
0.2-
00 - | - , - - - = v
87220634
dresses, namely, prom dresses, cocktail dresses
and homecoming dresses; dressing gowns;
formalwear, namely, dresses, gowns, tuxedos,
dinner jackets, trousers and footwear; wedding
dresses; wedding gowns; ball
0.8~
0.6~
0.4-
0.2-
00 - ) —— ) B ) - -I B

0 25 50 75
Topic Distribution

. Trademark

Figure C.22: Overview of Footwear Topic 29.
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Topic 53 : computer electronic device mobile software

6419158

a system and method for carrying personal and/or
medical information includes a locket designed to
contain a memory electronic device to store
information about the

0.6~
0.4-
0.2-
0.0- -—- — = L - [ D I
6651892
a system and method for carrying personal and/or
medical information includes a locket designed to
contain a memory electronic device to store
information about the
0.6-
©
g 04-
5
o 0.2-
0.0 - S —— — L T DU I
8060229
improved techniques and systems for utilizing a
portable electronic device to monitor, process,
present and manage data captured by a remote
sensor are disclosed. the portable
0.6~
0.4-
0.2-
0_0_ - | R | - - - I ,,,,, o

0 25 50 75
Topic Distribution

IPR Type [l Patent

0.8-
0.6-
0.4-
0.2-
0.0-

0.8-
0.6-
0.4-
0.2-
0.0-

0.8-
0.6-
0.4-
0.2-
0.0-

78683123

computer and video game hardware, namely,
monitors, central processing units, disk drives,
keyboards, mice, game controllers; computer game
software, namely, computer game software recorded
on cartridges

78683156

computer and video game hardware, namely,
monitors, central processing units, disk drives,
keyboards, mice, game controllers; computer game
software, namely, computer game software recorded
on cartridges

78683159

computer and video game hardware, namely,
monitors, central processing units, disk drives,
keyboards, mice, game controllers; computer game
software, namely, computer game software recorded
on cartridges

25 50 75
Topic Distribution

. Trademark

Figure C.23: Overview of Footwear Topic 53.
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Gamma

0.3-
0.2-
0.1-
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0.1-
0.0-

Topic 81 : service store retail feature wholesale

4472912

a retail footwear assembly including a storage
zone containing a stock of shoes and a customer
service zone. the customer service zone includes

a service counter

6715220

R Y .

foot wear with storage pack with features that
are attractive to a child and encourage
cooperation and use.

b A

6869219

a shoe-storing saddlebag assembly for carrying
and storing shoes. the shoe-storing saddlebag
assembly includes strap members being adapted to
be extended and fastened about

0 25 50 7
Topic Distribution

IPR Type [l Patent

0.75-
0.50-
0.25-
0.00-

0.75-
0.50-
0.25-
0.00-

0.75-
0.50-
0.25-
0.00-

77787524

mail order services, wholesale distributorships
and online wholesale distributorships featuring
footwear

85608242

footwear', ‘on-line retail store services
featuring footwear; on-line wholesale store
services featuring footwear; retail store
services featuring footwear; wholesale store
services featuring footwear'

86979451

retail store services featuring footwear;
wholesale distributorships featuring footwear;
online retail store services featuring footwear

25 50 75
Topic Distribution

. Trademark

Figure C.24: Overview of Footwear Topic 81.
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Topic 26 : business service advertising management commercial

8554691

a user enters into a subscription to receive
footwear having one or more specified performance
characteristics. as the user finishes wearing one
set of footwear, the

0.6~
0.4-
0.2-
00_ P -.,_I - = - I P - -
8657391
a merchandise display system and method which
promotes self-service by customers. the system
includes plurality of cabinets each having a top
surface and a plurality
0.6~
g
0.4-
S
©
¢ 0.2-

0.0- - L L_.I N |, - I_, I, Il._.,

9953360

a user enters into a subscription to receive
footwear having one or more specified performance
characteristics. as the user finishes wearing one
set of footwear, the

0.6-
0.4-
0.2-

- [ = __I —— - - - ER—
O'O-lii B 7- R |77 77-

0 25 50 75
Topic Distribution

IPR Type [l Patent
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1.00-
0.75-
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86629661

advertising services; business management;
business administration; providing office
functions; administration of customer loyalty
programs and incentive award programs that
provide discounts, coupons, rebates, vouchers and
special

86641544

advertising services; business management;
business administration; providing office
functions; administration of customer loyalty
programs and incentive award programs that
provide discounts, coupons, rebates, vouchers and
special

86641550

advertising services; business management;
business administration; providing office
functions; administration of customer loyalty
programs and incentive award programs that
provide discounts, coupons, rebates, vouchers and
special

25 50 75
Topic Distribution

. Trademark

Figure C.25: Overview of Footwear Topic 26.
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Figure C.26: Statistical t-Test of Unique Words per Document Type for different Five-Year Intervals in
Footwear.
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D Appendix to Chapter 5: Revealing Technological
Transformation and Firm Involvement

D.1 Data Selection

D.1.1 Patents

--HORNBORSTEL -SACHS -CLASSIFICATION

select distinct cp.patent_id

into fs.music_uspto_pat_util_hsc

from uspto.cpc_current cp

join uspto.patent pa on cp.patent_id = pa.id

where (

cp.subgroup_id in

(-- Wind instruments (Aerophones)

-- Classical: fs.music_uspto_pat_hsc_wind_classic

'Gl10D7/00', 'GlOD9/60', 'G1lOB1/60', 'G10B3/00', 'G10OD11/60', 'G1OD7/00',
'"G1OK5/00"', 'G1OK9/00',

-- Automatic: fs.music_uspto_pat_hsc_wind_auto

'G10F1/12"', 'G1OF1/14"',

-- String instruments (Chordophones)

-- (Classical: fs.music_uspto_pat_hsc_string_classic

'GloD1/00', 'G1OD3/00', 'G1OC1/00', 'G1lOC3/00', 'G10C9/00', 'G1OD1/060',
-- Automatic: fs.music_uspto_pat_hsc_string_auto

'Gl10F1/02', 'GlOF1/04', 'GlOF1l/16', 'G10F1/18', 'GlOF1/20',

-- Percussion instruments (Idiophones and Membranophones)
-- Classical: fs.music_uspto_pat_hsc_perc_classic
'G1O0K1/00', 'G1lOK3/00', 'G10D13/00',

-- Automatic: fs.music_uspto_pat_hsc_perc_auto
'G10F1/08', 'GlOF1/10')

or cp.group_id in

(-- Automatic musical instruments
'G1OF ',

-- Electrophonic musical instruments
'G1OH'))

and pa.type in ('utility')

Query D.1: Patents accoring to the Hornborstel-Sachs Classification

select distinct cp.patent_id
into fs.into fs.music_uspto_pat_util_cpc

from uspto.cpc_current cp
join uspto.patent pa on cp.patent_id = pa.id
where (cp.subgroup_id in (

'B25J11/004"', -- Manipulators not otherwise provided for-Manipulators for
entertainment -Playing a music instrument
'B62B2202/34', -- Indexing codes relating to type or characteristics of transported

articles - Furniture - Music instruments, e.g. pianos
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'HO1H2231/018', -- Applications-Musical instrument
'Y10S224/91', -- Package and article carriers-Carrier for musical instrument
'Y10T29/49574"') -- Metal working-Method of mechanical manufacture - Sound device

making - Musical instrument or tuning fork making

or cp.group_id in (

'GlO0B', -- Organs, armoniums or similar wind musical instruments with associated
blowing apparatus

'Gl0C', -- Pianos, harpischords, spinets or similar string musical instruments with
one or more keyboards

'GlOD', -- String musical instruments; wind musical instreumnts; accordions or
concertinas; percussion musical instruments; aeolian harps; singing-flame
musical instruments; musical instruments not otherwise provided for

'G10F', -- Automatic musical instruments

'G10G', -- Representation of music; recording music in notation form; accessories
for music or musical instruments not otherwise provided for, e.g. supports

'GlOH') --Electrophonic musical instruments; instruments in which the tones are

generated by electromechanical means or electronic generators, or in which the
tones are synthesised from a data store

)

and pa.type in ('utility')

Query D.2: Patents of Musical Instruments per CPC Classes

select distinct pa.id as 'patent_id'

into fs.music_uspto_pat_util_term

from uspto.patent pa

where ((abstract like '%music_instrument%' or abstract like '%musical_instrument%'
or title like '%music_instrument%' or title like '%musical_instrument%'))

and pa.type in ('utility')

Query D.3: Patents of Musical Instruments based on Terms

Wind Instruments (Aerophones)

select distinct pa.id as 'patent_id'

into fs.music_uspto_pat_util_term_wind

from uspto.patent pa

where (

(abstract like '%aerophone%' or

abstract like '%wind_instrument%' or

abstract like '%bagpipe%' or

abstract like '%bamboo_flute%'or

abstract like '%bandonion%' or

abstract like '%bandoneon%' or

abstract like '%barrel_organ¥%'or

abstract like '%buccin%'and (abstract like '%music%' or title like '%music%') or

abstract like '%clarionet%'or

abstract like '%clarion%'or

abstract like '%concertina%' and (abstract like '%music%' or title like '%music%')
or

abstract like '%cornet%' and (abstract like '%music%' or title like '%music%') or

abstract like '%flute%' and (abstract like '%music%' or title like '%music%') or

abstract like '%harmonica%'and (abstract like '%music%' or title like '%music%') or

abstract like '%harmonium%' or

abstract like '%horn%' and (abstract like '%music%' or title like '%music%')or

abstract like '%melodica%'or

abstract like '%oboe%' and (abstract like '%music%' or title like '%music%')or

abstract like '%ocarina%'or

--organs [musical instruments] -- too many unrelated results

abstract like '%saxophone%'or
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57
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D.I Data Selection

abstract like '%sheng%' and (abstract like '%music%' or title like '%music%') or
--[Chinese musical wind instruments]

abstract like '%suona%' or --[Chinese trumpets]

abstract like '%trombone%'and (abstract like '%music%' or title like '%music%') or

abstract like '%trumpet%' and (abstract like '%music%' or title like '%music%') )

or

(title like '%aerophone%' or

title like '%wind_instrument%' or

title like '%bagpipe%' or

title like '%bamboo_flute%'or

title like '%bandonion%' or

title like '%bandoneon%' or

title like '%barrel_organ¥%'or

title like '%buccin%'and (title like '%music%' or abstract like '%music%') or

title like '%clarionet%'or

title like '%clarion%'or

title like '%concertina%' and (title like '%music%' or abstract like '%music%') or

title like '%cornet%' and (title like '%music%' or abstract like '%music%') or

title like '%flute%' and (title like '%music%' or abstract like '%music%') or

title like '%harmonica%'and (title like '%music%' or abstract like '%music%') or

title like '%harmonium%' or

title like '"%horn%' and (title like '%music%' or abstract like '%music%')or

title like '%melodica%'or

title like '%oboe%' and (title like '%music%' or abstract like '%music%')or

title like '%ocarina%'or

--organs [musical instruments] -- too many unrelated results

title like '%saxophone%'or

title like '%sheng%' and (title like '%music%' or abstract like '%music%') or
--[Chinese musical wind instruments]

title like '%suona%' or --[Chinese trumpets]

title like '%trombone%'and (title like '%music%' or abstract like '%music%') or

title like '%trumpet%' and (title like '%music%' or abstract like '%music%'))

)

and pa.type in ('utility')

Query D.4: Patents of Wind Instruments

String Instruments (Chordophones)

select distinct pa.id as 'patent_id'

into fs.music_uspto_pat_util_term_string

from uspto.patent pa

where (

(

abstract like '%chordophone%'or

abstract like '%string_instrument%' or

abstract like '%stringed_instrument%' or

abstract like '%balalaika%' and (title like '%music%' or abstract like '%music%')or

abstract like '%banjo%' or

abstract like '%bass%' and (title like '%music%' or abstract like '%music%')or

--double basses -- part of bass

abstract like '%guitar%'or

abstract like '%harp%'and (title like '%music%' or abstract like '%music%') or

abstract like '%huqin%' or -- [Chinese violins]

--Jews' harps [musical instruments] -- part of harp

abstract like '%lyre%' and (title like '%music%' or abstract like '%music%') or

abstract like '%yoke_lute¥%'or

abstract like '%mandolin%' and (title like '%music%' or abstract like '%music%') or

abstract like '%piano%'or

abstract like '%pipa%' and (title like '%music%' or abstract like '%music%') or --
[Chinese guitars]

abstract like '%viola%'and (title like '%music%' or abstract like '%music%') or
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abstract like '%violin%' or

abstract like '%zither%'

) or

(

title like '%chordophone%'or

title like '%string_instrument%' or

title like '%stringed_instrument%' or

title like '%balalaika%' and (title like '%music%' or abstract like '%music%')or

title like '%banjo%' or

title like '%bass%' and (title like '%music%' or abstract like '%music%')or

--double basses -- part of bass

title like '%guitar%'or

title like '%harp%'and (title like '%music%' or abstract like '%music%') or

title like '%huqin%' or -- [Chinese violins]

--Jews' harps [musical instruments] -- part of harp

title like '"%lyre%' and (title like '%music%' or abstract like '%music%') or

title like '%yoke_lute%'or

title like '%mandolin%' and (title like '%music%' or abstract like '%music%') or

title like '%piano%'or

title like '%pipa%' and (title like '%music%' or abstract like '%music%') or --
[Chinese guitars]

title like '%viola%'and (title like '%music%' or abstract like '%music%') or

title like '%violin%' or

title like '%zither%'

)

)

and pa.type in ('utility')

Query D.5: Patents of String Instruments

Percussion Instruments (Idiophones and Membranophones)

select distinct pa.id as 'patent_id'

into fs.music_uspto_pat_util_term_perc

from uspto.patent pa

where (

(

abstract like '%percussion%' and (abstract like '%music%' or abstract like
'%instrument%' or title like '%music%' or title like '%instrument%') or

abstract like '%idiophone%' or

abstract like '%membranphone%' or

abstract like '%accordion%' and (title like '%music%' or abstract like '%music%') or

abstract like '%carillon%' and (title like '%music%' or abstract like '%music%') or
-- [musical instruments]

abstract like '%castanet%' and (title like '%music%' or abstract like '%music%') or

abstract like '%cymbal%' and (title like '%music%' or abstract like '%music%') or

abstract like '%gong%' and (title like '%music%' or abstract like '%music%') or

abstract like '%handbell%' and (title like '%music%' or abstract like '%music%') or
-- [musical instruments]

abstract like '%triangle%' and (title like '%music%' or abstract like '%music%') or
-- [musical instruments]

abstract like '%xylophone%' or

--kettledrum' -- part of drum

abstract like '%timpani%' or

abstract like '%drum%' and (title like '%music%' or abstract like '%music%') or

--robotic drum -- part of drum

abstract like '%tambourine%' or

abstract like '%tom_tom%'

) or

(

title like '%percussion%' and (abstract like '%music%' or abstract like
'%instrument%' or title like '%music%' or title like '%instrument%') or
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title like '%idiophone%' or

title like '%membranphone%' or

title like '%accordion%' and (title like '%music%' or abstract like '%music%') or

title like '%carillon%' and (title like '%music%' or abstract like '%music%') or --
[musical instruments]

title like '%castanet%' and (title like '%music%' or abstract like '%music%') or

title like '%cymbal%' and (title like '%music%' or abstract like '%music%') or

title like '%gong%' and (title like '%music%' or abstract like '%music%') or

title like '%handbell%' and (title like '%music%' or abstract like '%music%') or --
[musical instruments]

title like '%triangle%' and (title like '%music%' or abstract like '%music%') or --
[musical instruments]

title like '%xylophone%' or

--kettledrum' -- part of drum

title like '%timpani%' or

title like '"%drum%' and (title like '%music%' or abstract like '%music%') or

--robotic drum -- part of drum

title like '%tambourine%' or

title like '%tom_tom%'

)

)

and pa.type in ('utility')

Query D.6: Patents of Percussion Instruments

Electronic or Classical Musical Instruments

select distinct te.patent_id
into fs.music_uspto_pat_util_string_elec
from fs.music_uspto_pat_util_string te
join uspto.patent pa on pa.id = te.patent_id
left join uspto.cpc_current cp on cp.patent_id = te.patent_id
where pa.abstract like '%electr%' or pa.title like '%electr%' or cp.group_id in
('"G1OH")
Query D.7: Patents of Electronic String Instruments
select *
into fs.music_uspto_pat_util_perc_classic
from fs.music_uspto_pat_util_perc mu
where mu.patent_id not in (select *
from fs.music_uspto_pat_util_perc_elec)

Query D.8: Patents of Classical Percussion Instruments

D.1.2 Designs

select distinct pa.id as patent_id

into fs.music_uspto_pat_design_cl

from uspto.patent pa

join uspto.uspc_current_april2021 pc on pc.patent_id = pa.id
join uspto.claim cl on cl.patent_id = pa.id

where type in ('design')

and

(mainclass_id in ('D17', '84') --D17 Musical instruments, 84 Music
or pa.title like '%music_instrument%'

or pa.title like '%musical_instrument%'

or cl.text like '%music_instrument¥%'

or cl.text like '%musical_instrument%')

Query D.9: Designs of Musical Instruments
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Wind Instruments (Aerophones)

select distinct pa.id as 'patent_id’

into fs.music_uspto_pat_design_wind_term
from uspto.patent pa

join uspto.claim cl on cl.patent_id = pa.id
where type in ('design')

and (

(cl.text like '%aerophone%' or

cl.text like '%wind_instrument%' or

cl.text like '%bagpipe%' or

cl.text like '%bamboo_flute%'or

cl.text like '%bandonion%' or

cl.text like '%bandoneon%' or

cl.text like '%barrel_organ%'or

cl.text like '%buccin%'and (cl.text like '%music%' or title like '%music%') or
cl.text like '%clarionet%'or

cl.text like '%clarion%'or

cl.text like '%concertina%' and (cl.text like '%music%' or title like '%music%') or

cl.text like '%cornet%' and (cl.text like '%music%' or title like '%music%') or

cl.text like '%flute%' and (cl.text like '%music%' or title like '%music%') or

cl.text like '%harmonica%'and (cl.text like '%music%' or title like '%music%') or

cl.text like '%harmonium%' or

cl.text like '%horn%' and (cl.text like '%music%' or title like '%music%')or

cl.text like '%melodica%'or

cl.text like '%oboe%' and (cl.text like '%music%' or title like '%music%')or

cl.text like '%ocarina%'or

--organs [musical instruments] -- too many unrelated results

cl.text like '%saxophone%'or

cl.text like '%sheng%' and (cl.text like '%music%' or title like '%music%') or
--[Chinese musical wind instruments]

cl.text like '%suona%' or --[Chinese trumpets]

cl.text like '%trombone%'and (cl.text like '%music%' or title like '%music%') or

cl.text like '%trumpet%' and (cl.text like '%music%' or title like '%music%') )

or

(title like '%aerophone%' or

title like '%wind_instrument%' or

title like '%bagpipe%' or

title like '%bamboo_flute%'or

title like '%bandonion%' or

title like '%bandoneon%' or

title like '%barrel_organ¥%'or

title like '%buccin%'and (title like '%music%' or cl.text like '%music%') or

title like '%clarionet%'or

title like '%clarion%'or

title like '%concertina%' and (title like '%music%' or cl.text like '%music%') or

title like '%cornet%' and (title like '%music%' or cl.text like '%music%') or

title like '%flute%' and (title like '%music%' or cl.text like '%music%') or

title like '%harmonica%'and (title like '%music%' or cl.text like '%music%') or

title like '%harmonium%' or

title like '%horn%' and (title like '%music%' or cl.text like '%music%')or

title like '%melodica%'or

title like '%oboe%' and (title like '%music%' or cl.text like '%music%')or

title like '%ocarina%'or

--organs [musical instruments] -- too many unrelated results

title like '%saxophone%'or

title like '%sheng%' and (title like '%music%' or cl.text like '%music%') or
--[Chinese musical wind instruments]

title like '%suona%' or --[Chinese trumpets]

title like '%trombone%'and (title like '%music%' or cl.text like '%music%') or

title like "%trumpet%' and (title like '%music%' or cl.text like '%music%')

))

Query D.10: Designs of Wind Instruments
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String Instruments (Chordophones)

select distinct pa.id as 'patent_id'

into fs.music_uspto_pat_design_string_term

from uspto.patent pa

join uspto.claim cl on cl.patent_id = pa.id

where type in ('design')

and ((

cl.text like '%chordophone%'or

cl.text like '%string_instrument%' or

cl.text like '%stringed_instrument%' or

cl.text like '%balalaika%' and (title like '%music%' or cl.text like '%music%')or

cl.text like '%banjo%' or

cl.text like '%bass%' and (title like '¥music%' or cl.text like '%music%')or

--double basses -- part of bass

cl.text like '%guitar%'or

cl.text like '%harp%'and (title like '%music%' or cl.text like '%music%') or

cl.text like '%hugin%' or -- [Chinese violins]

--Jews' harps [musical instruments] -- part of harp

cl.text like '%lyre%' and (title like '%music%' or cl.text like '%music%') or

cl.text like '%yoke_lute%'or

cl.text like '%mandolin%' and (title like '%music%' or cl.text like '%music%') or

cl.text like '%piano%'or

cl.text like '%pipa%' and (title like '%music%' or cl.text like '%music%') or --
[Chinese guitars]

cl.text like '%viola%'and (title like '¥music%' or cl.text like '%music%') or

cl.text like '%violin%' or

cl.text like '%zither%'

) or

(

title like '%chordophone%'or

title like '%string_instrument%' or

title like '%stringed_instrument%' or

title like '%balalaika%' and (title like '%music%' or cl.text like '%music%')or

title like '%banjo%' or

title like '%bass%' and (title like '%music%' or cl.text like '%music%')or

--double basses -- part of bass

title like '%guitar%'or

title like '%harp%'and (title like '%music%' or cl.text like '%music%') or

title like '%huqin%' or -- [Chinese violins]

--Jews' harps [musical instruments] -- part of harp

title like '%lyre%' and (title like '%music%' or cl.text like '%music%') or

title like '%yoke_lute%'or

title like '%mandolin%' and (title like '¥%music%' or cl.text like '%music%') or

title like '%piano%'or

title like '"%pipa%' and (title like '%music%' or cl.text like '%music%') or --
[Chinese guitars]

title like '%viola%'and (title like '%music%' or cl.text like '%music%') or

title like '%violin%' or

title like '%zither%'

)

Query D.11: Designs of String Instruments

Percussion Instruments (Idiophones and Membranophones )

select distinct pa.id as 'patent_id'

into fs.music_uspto_pat_design_perc_term

from uspto.patent pa

--join uspto.uspc_current_april2021 pc on pc.patent_id = pa.id
join uspto.claim cl on cl.patent_id = pa.id

where type in ('design')
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and (

(

cl.text like '%percussion%' and (cl.text like '%music%' or cl.text like
'%instrument%' or title like '%music%' or title like '%instrument%') or

cl.text like '%idiophone%' or

cl.text like '%membranphone%' or

cl.text like '%accordion%' and (title like '%music%' or cl.text like '%music%') or

cl.text like '%carillon%' and (title like '%music%' or cl.text like '%music%') or
-- [musical instruments]

cl.text like '%castanet%' and (title like '%music%' or cl.text like '%music%') or

cl.text like '%cymbal%' and (title like '%music%' or cl.text like '%music%') or

cl.text like '%gong%' and (title like '%music%' or cl.text like '%music%') or

cl.text like '%handbell%' and (title like '%music%' or cl.text like '%music%') or
-- [musical instruments]

cl.text like '%triangle%' and (title like '%music%' or cl.text like '%music%') or
-- [musical instruments]

cl.text like '%xylophone%' or

--kettledrum' -- part of drum

cl.text like '%timpani%' or

cl.text like '%drum%' and (title like '%music%' or cl.text like '%music%') or

--robotic drum -- part of drum

cl.text like '%tambourine%' or

cl.text like '%tom_tom%'

)

or

(

title like '%percussion%' and (cl.text like '%music%' or cl.text like
'%instrument%' or title like '%music%' or title like '%instrument%') or

title like '%idiophone%' or

title like '%membranphone%' or

title like '%accordion%' and (title like '%music%' or cl.text like '%music%') or

title like '%carillon%' and (title like '%music%' or cl.text like '%music%') or --
[musical instruments]

title like '%castanet%' and (title like '%music%' or cl.text like '%music%') or

title like '%cymbal%' and (title like '%music%' or cl.text like '%music%') or

title like '%gong%' and (title like '%music%' or cl.text like '%music%') or

title like '%handbell%' and (title like '%music%' or cl.text like '%music%') or --
[musical instruments]

title like '%triangle%' and (title like '%music%' or cl.text like '%music%') or --
[musical instruments]

title like '%xylophone%' or

--kettledrum' -- part of drum

title like '%timpani%' or

title like '%drum%' and (title like '%music%' or cl.text like '%music%') or

--robotic drum -- part of drum

title like '%tambourine%' or

title like '%tom_tom%'

)

)

Query D.12: Designs of Percussion Instruments
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D.I Data Selection

All

*

select distinct
into music.uspto_pat_design

from fs.music_uspto_pat_design_perc_term
UNION

select *

from fs.music_uspto_pat_design_cl

UNION

select *

from fs.music_uspto_pat_design_string_term
UNION

select *

from fs.music_uspto_pat_design_wind_term

Query D.13: All Designs of Musical Instruments

Electronic or Classical Musical Instruments

select distinct te.patent_id

into music_uspto_pat_design_elec

from fs.music_uspto_pat_design te

join uspto.patent pa on pa.id = te.patent_id

join uspto.claim cl on cl.patent_id = te.patent_id

where cl.text like '%electr%' or pa.title like '%electr%'

Query D.14: Designs of Electronic Musical Instruments

e

select
into fs.music_uspto_pat_design_classic
from fs.music_uspto_pat_design mu
where mu.patent_id not in (select
from fs.music_uspto_pat_design_elec)

£

Query D.15: Designs of Classical Musical Instruments

D.1.3 Trademarks

*

select
into fs.music_uspto_tm_cl_statement

-- NICE class 15

from trademarks.statement

where serial_no in (select cf.serial_no

from trademarks.case_file cf

where Convert(date, cf.filing_dt, 120) >= '1973-09-01') and
left(statement_type_cd, 5) in ('GS015')

Union

-- Trademark name

select *

from trademarks.[statement]
where

serial_no in (

select serial_no

from trademarks.case_file
where

(mark_id_char like '%music%' and mark_id_char like '%instrument%')

)
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and left(statement_type_cd, 2) in ('GS")
Union

-- Pseudomarks

select *

from trademarks.statement
where

serial_no in (

select serial_no

from trademarks.[statement]
where

(statement_text like '%music%' and statement_text like '%instrument%')

and left(statement_type_cd, 2) in ('PM'")

)
and left(statement_type_cd, 2) in ('GS")

union
-- Trademark description

select *
from trademarks.statement

where (statement_text like '%music_instrument%' or statement_text like

'%musical_instrument%')
and left(statement_type_cd, 2) in ('GS")

Query D.16: Trademarks of Musical Instruments

Wind Instruments (Aerophones)

select
into fs.music_trademarks_wind_statement

-- Trademark name

from trademarks.[statement]

where

serial_no in (

select serial_no

from trademarks.case_file

where

mark_id_char like '%wind_instrument%'

)

and left(statement_type_cd, 2) in ('GS")

Union

-- Pseudomarks

select *

from trademarks.statement

where

serial_no in (

select serial_no

from trademarks.[statement]

where

statement_text like '%wind_instrument%'
and left(statement_type_cd, 2) in ('PM'")
)

and left(statement_type_cd, 2) in ('GS")

union

-- Trademark description
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D.I Data Selection

select *

from trademarks.statement

where (

statement_text like '%aerophone%' or

statement_text like '%wind_instrument%' or

statement_text like '%bagpipe%' or

statement_text like '%bamboo_flute%'or

statement_text like '%bandonion%' or

statement_text like '%bandoneon%' or

statement_text like '%barrel_organ%'or

statement_text like '%buccin%'and statement_text like '%music%' or
statement_text like '%clarionet%'or

statement_text like '%clarion%'or

statement_text like '%concertina%' and statement_text like '%music%' or
statement_text like '%cornet%' and statement_text like '%music%' or
statement_text like '%flute%' and statement_text like '%music%' or
statement_text like '%harmonica%'and statement_text like '%music%' or
statement_text like '%harmonium%' or

statement_text like '%horn%' and statement_text like '%music%' or
statement_text like '¥%melodica%'or

statement_text like '%oboe%' and statement_text like '%music%' or
statement_text like '%ocarina%'or

--organs [musical instruments] -- too many unrelated results
statement_text like '%saxophone%'or

statement_text like '%sheng%' and statement_text like '%music%' or --[Chinese

musical wind instruments]

statement_text like '%suona%' or --[Chinese trumpets]
statement_text like '%trombone%'and statement_text like '%music¥%' or
statement_text like '%trumpet%' and statement_text like '¥%music%'

D)
and left(statement_type_cd, 2) in ('GS'")

Query D.17: Trademarks of Wind Instruments

select distinct mu.statement_type_cd, mu.statement_text,

into fs.music_uspto_tm_wind_statement_reg
from fs.music_uspto_tm_wind_statement mu

join trademarks.case_file cf on mu.serial_no = cf.serial_no

where cf.registration_no not in ('0000000"')

Query D.18: Only Registered Trademarks of Musical Instruments

String Instruments (Chordophones)

*

select
into fs.music_uspto_tm_string_statement

-- Trademark name

from trademarks.[statement]

where

serial_no in (

select serial_no

from trademarks.case_file

where

mark_id_char like '%string_instrument%' or
mark_id_char like '%stringed_instrument%'
)

and left(statement_type_cd, 2) in ('GS")

union

mu.serial_no
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-- Pseudomarks

select *

from trademarks.statement

where

serial_no in (

select serial_no

from trademarks.[statement]

where

(statement_text like '%string_instrument%' or
statement_text like '¥%stringed_instrument%')
and left(statement_type_cd, 2) in ('PM'")

)

and left(statement_type_cd, 2) in ('GS")

union

-- String/ed instruments (Chordophones)

select *

from trademarks.statement

where (

statement_text like '%chordophone%'or
statement_text like '%string_instrument%' or
statement_text like '%stringed_instrument%' or

statement_text like '%balalaika%' and statement_text like '%music%'or

statement_text like '%banjo%' or

statement_text like '%bass%' and statement_text like '¥%music%'or

--double basses -- part of bass

statement_text like '%guitar¥%'or

statement_text like '%harp%'and statement_text like '%music%' or

statement_text like '%hugin%' or -- [Chinese violins]

--Jews' harps [musical instruments] -- part of harp

statement_text like '%lyre%' and statement_text like '%music%' or

statement_text like '%yoke_lute%'or

statement_text like '%mandolin%' and statement_text like '%music%'

statement_text like '%piano%'or

statement_text like '%pipa%' and statement_text like '%music%' or
guitars]

statement_text like '%viola%'and statement_text like '%music%' or

statement_text like '%violin%' or

statement_text like '%zither%'

)

and left(statement_type_cd, 2) in ('GS")

Query D.19: Trademarks of String Instruments

Percussion Instruments (Idiophones or Membranophones)

-

select
into fs.music_uspto_tm_perc_statement

-- Trademark name

from trademarks.[statement]

where

serial_no in (

select serial_no

from trademarks.case_file

where

mark_id_char like '%percussion_instrument%
)

and left(statement_type_cd, 2) in ('GS")

union
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-- Pseudomarks

select *

from trademarks.statement

where

serial_no in (

select serial_no

from trademarks.[statement]

where (

statement_text like '¥percussion_instrument¥%'
and left(statement_type_cd, 2) in ('PM'")
))

and left(statement_type_cd, 2) in ('GS")

union

-- Percussion instruments (Idiophones and Membranophones)

select *

from trademarks.statement

where (

statement_text like '%percussion%' and (statement_text like '%music%'
statement_text like '%instrument%') or

statement_text like '%idiophone%' or

statement_text like '¥%membranphone%' or

statement_text like '%accordion%' and statement_text like '%music%' or

statement_text like '%carillon%' and statement_text like '%music%' or
instruments]

statement_text like '%castanet%' and statement_text like '%music%' or

statement_text like '%cymbal%' and statement_text like '%music%' or

statement_text like '%gong%' and statement_text like '%music%' or

statement_text like '%handbell%' and statement_text like '%music%' or

instruments]

statement_text like '%triangle%' and statement_text like '%music%' or
instruments]

statement_text like '%xylophone%' or

--kettledrum' -- part of drum

statement_text like '%timpani%' or

statement_text like '%drum%' and statement_text like '%music%' or
--robotic drum -- part of drum

statement_text like '%tambourine%' or

statement_text like '%tom_tom%'

)

and left(statement_type_cd, 2) in ('GS")

Query D.20: Trademarks of Percussion Instruments

Electronic or Classical Musical Instruments

%

select distinct
from fs.music_uspto_tm_statement_reg te
where te.statement_text like '%electr%'

Query D.21: Trademarks of Electronic Musical Instruments

select distinct mu.statement_type_cd, mu.statement_text, mu.serial_no
into fs.music_uspto_tm_wind_statement_reg_elec

from fs.music_uspto_tm_wind_statement_reg mu

join trademarks.case_file cf on mu.serial_no = cf.serial_no

where mu.statement_text like '%electr%'

Query D.22: Trademarks of Electronic Wind Instruments

or

[musical

[musical

[musical
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select

*

into fs.music_uspto_tm_perc_reg_classic
from fs.music_uspto_tm_perc_reg mu
where mu.serial_no not in (select *
from fs.music_uspto_tm_perc_reg_elec)
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2 : cable electrical power electric connector
: sensor light module motion detect
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84 : material wire core resin layer
23 : finger handle weight thumb tip
85 : service advertising provide information business
76 : game video computer machine display
44 : game toy glove ball play
8 characteristic object parameter application model
: element twenty housing thirty ten
42 : composition melody style create original
14 : hole thereof insert close joint
59 : computer software system hardware network
75 : cover fabric plastic textile cloth
67 : rental provide sport television service
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48 : structure replacement structural instal replace
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40 : material apparatus preparation metal textile
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3 : metal bag game card computer
21 : bag leather belt travel animal
6 : electric water air light unit
7 : metal machine vehicle apparatus purpose
31 : medical purpose apparatus surgical dental
39 : vehicle computer automobile apparatus car
87 : bicycle apparatus power include television

i
o

a3

T8

2.0% 4.0% 6.0%
Estimated Topic Occurrence Probability

©
o-

Figure D.1: Overview of the Model with 87 Topics in Musical Instruments.
The figure provides an overview of the 87 topics in Musical Instruments. The topics are displayed

according to their relative share in the overall data set and ordered decreasingly.
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D.2.1 Intellectual Property Rights

Here, additional results differentiated for patents, designs and trademarks are provided.
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Figure D.2: Musical Instrument Patents, Designs and Trademarks in existing Classification Schemes.
The Subfigures provide an overview of the most important classes in the different IPR types in the
data set of musical instruments from 1986 to 2015.
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86 : data information store midi unit
10 : audio method file include system
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25 : record video disc computer feature
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35 : user display position score interface
13 : piano hammer action rail damper
52 : tune block adjust adjustment tension
77 : key keyboard touch depression position
65 : surface contact material pad layer
41 : drum head shell ring snare
6 : pickup vibration transducer coil electrical
63 : note pitch chord scale octave
66 : neck board fret body flngerboard
32 : rod clamp screw pin post
50 : reed mouthpiece wind woodwind brass
51 : direction shaft move movement mechanism
79 : paper book card print pencil
47 : play player bar playing musician
15 : section piece pattern voice accompaniment
20 : device configure comprise portable facilitate
2 : cable electrical power electric connector
16 : sensor light module motion detect
19 : accessory product equipment supply home
2 : stick bell wooden wood tambourin
55 : device phone battery computer camera
2 : computer software mobile digital phone
29 : tube slide air valve primary
84 : material wire core resin layer
23 : finger handle weight thumb tip
85 : service advertising provide information business
76 : game video computer machine display
44 : game toy glove ball play
8: charac(ensllc object parameter application model
73 : element twenty housing thirty ten
42 : composition melody style create original
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Figure D.3: Overview of the Model with 87 Topics in Musical Instruments, Differentiated by Document

Types.

The figure provides an overview of the 87 topics in Musical Instruments. The topics are displayed
according to their relative share in the overall data set and ordered decreasingly.
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Figure D.4: Main Documents in Musical Instruments Topic 19.

242



D.2 Sectoral Perspective
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Figure D.5: Main Documents in Musical Instruments Topic 76.
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D.2.2 Hornborstel-Sachs Classification
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Figure D.6: Musical Instrument IPR Registration per Year and Hornborstel-Sachs Classes.
The figures display the yearly development of the document registrations according to the
Hornborstel-Sachs Classification.
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82 : art sport fashion culture travel

4 : table furniture rack baby bed

56 : book paper child card science

70 : apparatus electric computer purpose measure
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Figure D.7: Overview of the Model with 87 Topics in Musical Instruments according to the Hornborstel-

Sachs Classification.
The figure provides an overview of the 87 topics in Musical Instruments. The topics are displayed
according to their relative share in the overall data set and ordered decreasingly.
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D.2.3 Electronic and Classical Musical Instruments
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Figure D.8: Classical and Electronic Musical Instrument in existing Classification schemes.
The figure offers an overview of the most significant classes in the various document types within
the data set of musical instruments.
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Figure D.9: Overview of the Model with 87 Topics in Musical Instruments, Differentiated for Electronic
and Classical Instruments.
The figure presents an overview of the 87 topics in Musical Instruments. The topics are arranged
based on their relative share in the overall dataset and are ordered in descending order.
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Figure D.10: Network of Classical Musical Instruments.
The network illustrates the topic relationships in classical musical instruments from 1985 to 2015.

Nodes represent the topics, while links indicate the likelihood of these topics co-occurring. The
node size corresponds to the topic’s proportion. The nodes are coloured based on the document

type with the highest mean topic occurrence.
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Figure D.11: Network of Electronic Musical Instruments.
The network illustrates the topic relationships in electronic musical instruments from 1985 to
2015. Nodes represent the topics, while links indicate the likelihood of these topics co-occurring.
The node size corresponds to the topic’s proportion. The nodes are coloured based on the
document type with the highest mean topic occurrence.
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Figure D.12: Network of Musical Instrument Topics, Differentiated for Electronic and Classical Instru-
ments from 1991 to 1995.
The network illustrates the topic relationships from 1991 to 1995, categorized by IPR types and
electronic or classical musical instruments. Nodes represent topics, while links represent the
likelihood of these topics to co-occur. The node size corresponds to the topic’s proportion. IPR
types are indicated by node shapes, while node colours represent the musical instrument type.
Intensive blue signifies strong relevance to electronic musical instruments, and red represents a
focus on classical musical instruments. In this network, there are 58 nodes related to classical
topics and 29 related to electronic topics. The edges display the strength of correlation, with
lighter colours indicating lower correlation and darker colours indicating stronger correlation.
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Figure D.13: Network of Musical Instrument Topics, Differentiated for Electronic and Classical Instru-

ments from 1996 to 2000.

The network illustrates the topic relationships from 1996 to 2000, categorized by IPR types and
electronic or classical musical instruments. Nodes represent topics, while links represent the
likelihood of these topics to co-occur. The node size corresponds to the topic’s proportion. IPR
types are indicated by node shapes, while node colours represent the musical instrument type.
Intensive blue signifies strong relevance to electronic musical instruments, and red represents a
focus on classical musical instruments. In this network, there are 53 nodes related to classical
topics and 34 related to electronic topics. The edges display the strength of correlation, with
lighter colours indicating lower correlation and darker colours indicating stronger correlation.
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Figure D.14: Network of Musical Instrument Topics, Differentiated for Electronic and Classical Instru-
ments from 2006 to 2010.
The network illustrates the topic relationships from 2006 to 2010, categorized by IPR types and
electronic or classical musical instruments. Nodes represent topics, while links represent the
likelihood of these topics to co-occur. The node size corresponds to the topic’s proportion. IPR
types are indicated by node shapes, while node colours represent the musical instrument type.
Intensive blue signifies strong relevance to electronic musical instruments, and red represents a
focus on classical musical instruments. In this network, there are 43 nodes related to classical
topics and 44 related to electronic topics. The edges display the strength of correlation, with
lighter colours indicating lower correlation and darker colours indicating stronger correlation.
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w© & 2
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Figure D.16: Cluster Identification in Topic Networks of Electronic and Classical Musical Instrument from 1996 to 2000.
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The figure displays clusters with more than three topics in electronic and classical musical instruments from 1996 to 2000, determined via random walk.
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Figure D.17: Cluster Identification in Topic Networks of Electronic and Classical Musical Instrument
from 2011 to 2015.

The figure displays clusters with more than three topics in electronic and classical musical
instruments from 2011 to 2015, determined via random walk.

255



Chapter D: Appendix to Chapter 5: Revealing Technological Transformation and Firm Involvement

D.3 Firm Perspective

The appendix provides additional information on the firms involved as well as topics-firms-networks with

more data.
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Figure D.18: Box Plot on IPRs per Major Firms.
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Figure D.19: Major Firms in Musical Instruments related to IPR Types.
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Table D.1: Description of the Major Firms from A to F

Rank| Firm Official Main Activities Main Words Firm Category Source
Name Firm
Name
54 Actodyne Actodyne Electric Guitars, | stringed (18), include (15), Producers www.dnb. com
General General, Accessories string (15), assembly (13), /business-directory/
Inc. dispose (12) company-prof
iles.actodyne_
general_inc.
d567c49e3c402060d51705¢8752832ch.
html, www.lacemusic.
com/
47 Advanced Advanced Computer Hard- | audio (20), include (20), Hardware www.amd . com/de
Micro Micro ware, Processors data (19), signal (19),
Devices Devices, memory (16)
Inc.
22 Alibaba Alibaba.com || Retail advertising (69), agency Retail www.alibaba.com/
Limited (69), business (69), com-
merce (69), communica-
tion (69)
11 Apple Apple, Inc. Apps (Digital | method (73), include (68), Software www.apple.com/ios/
Creation, Digital | user (66), audio (58), sys- garageband/
Consumption) tem (52)
2 Casio Casio Keyboards, electronic  (178), data Producer www.casio-intl.com
Computer Computer E-pianos, Con- | (135), tone (135), key- /np/en/emi/
Co,. Ltd. sumer Electronics | board (131), generate
(122)
38 Creative Creative Amplifiers, provide (21), method (20), Hardware us.creative.com/
Technol- Tech- Speakers, Acces- | audio (19), data (17), digi-
ogy nology sories tal (15)
Limited
23 D’Addario D’Addario Strings,  Reeds, string (32), guitar (13), ac- Classical Produc- | www.daddario.com/
Company, Accessories cessory (11), drum (11), ers
Inc. drumhead (10)
12 Drum Drum Drums drum (82), comprise (48), Classical Produc- | www.dwdrums.com/
Workshop Workshop, support (36), percussion ers
Inc. (35), pedal (31)
51 E-mu Sys- | E-mu Sys- Studio Head- | digital (22), sound (21), Producers www . emu. com/
tems tems, Inc. phones, Elec- | electronic (18), provide
tronic ~ Musical | (18), multi (11)
Instruments
9 Evets Evets Cor- sound (53), effect (50), Producers
poration pedal (47), guitar (42),
electronic (34)
20 Fender Fender Acoustic and | guitar (44), electric (19), Producer www . fender. com
Musical In- Electric Guitars amplifier (17), control /de-DE/start
struments (10), include (10)
Corpora-
tion
27 First Act First  Act, Classical Instru- | guitar (24), claim (17), Classical Produc- | www.jazwares.com
Inc. ments For Educa- | drum (16), include (13), ers /brands/first-act

tion

string (12)
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The table provides an overview on the major Firms (A to F) in the data set. It provides the rank among the
major Firms, the cleaned firm name, the main activity of the firm based on web searches. Further, the top words
of documents of the firm are provided. As every firm is assigned to a category, this is also disclosed.
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Table D.2: Description of the Major Firms from G to I

Rank| Firm Official Main Activities Main Words Firm Category Source
Name Firm
Name
5 Gibson Gibson Guitar guitar (192), stringed (66), Producers www.gibson.com/
Brands, string (58), electric (54),
Inc. bass (41)
39 Google Google, Digital App Plat- | system (30), method (24), Software "research.google.
Inc. form audio (23), base (23), de- com/audioset/
termine (22) ontology/musical_
instrument_1.html,
artsandculture.
google.com/them
e/-gJiyqdl_D_BIQ,
musiclab.chrom
eexperiments.
com/Experiments,
music.youtube.com
/googleplaymusic"
41 Grover Grover String Instru- | percussion (10), toy (9), Classical Produc- | grotro.com/
Musical ments accessory (7), guitar (7), ers
Products, drum (6)
Inc.
55 GTRC Ser- | GTRC Ser- Musical Instru- | electronic (12), keyboard Retail audiotools.com/en_
vices vices, Inc. ment Retail (12), guitar (11), accessory mi_links_gt.html
(8), audio (8)
17 Guitar Guitar Musical Instru- | accessory (44), guitar (44), Retail WWW.guitarcenter.com
Center Center, Inc. ment Retail feature (38), music (38), /
service (38)
30 Harman Harman In- Audio Equip- | signal (50), audio (41), Hardware www . harman. com/
ternational ment: Speakers, | sound (29), electronic (26),
Industries, Sound  Produc- | processor (26)
Inc. tion
42 Harmonix Harmonix Video Games, | game (27), rhythm (23), Game Developer www . harmonixmusic.
Music Music Soundtracks action (21), include (20), com/
Systems, method (19)
Inc.
33 Hohner Matth. Harmonica, Ac- | accordion (17), guitar (10), Classical Produc- | www.hohner.de/
Hohner AG cordions, Flutes harmonica (10), ukulele ers
(10), accessory (5)
14 Hoshino Hoshino Drums, Guitars drum (48), guitar (40), in- Producers www.hoshinogakki.
Gakki Gakki Co., clude (35), body (23), sup- co.jp/hoshino_e/
Ltd port (22) products/index.html
43 Hwa Shin Hwa Shin Drums, Acces- | include (20), drum (17), Classical Produc- | matchory.com
Musical sories screw (17), base (16), stand ers /supplier/hwa-shin-m
Instrument (16) usical-instrument
Co., Ltd
25 IBM IBM Cor- method (41), system (35), Hardware www.ibm.com/de-de
poration include (27), audio (23),
generate (22)
58 International | International || Violin,  Cellos, | bass (18), bow (18), cello Classical Produc- | www.shopnemc.
Strings Strings, Violas, (18), string (18), viola (18) ers com/category/
Inc. International_
Strings

The table provides an overview on the major Firms (G to I) in the data set. It provides the rank among the major
Firms, the cleaned firm name, the main activity of the firm based on web searches. Further, the top words of
documents of the firm are provided. As every firm is assigned to a category, this is also disclosed.
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Table D.3: Description of the Major Firms from K to P

Rank| Firm Official Main Activities Main Words Firm Category Source
Name Firm
Name

3 Kawai Kawai Piano, Keyboard electronic  (148),  key Producers www.kawai-global.com
Musical In- (140), tone (135), key- /
struments board (123), data (122)

Manufac-
turing Co.,
Ltd.

35 KHS K.H.S. Classical Musical | stand (18), mount (16), Classical Produc- | world.khsmusic.com
Musical In- Instruments drum (15), pivotally (13), ers /en
struments assembly (12)

Co., Ltd

28 King.com King.com Apps (Digital | bag (62), board (62), bow Game Developer www.king.com/de

Limited Consumption), (62), box (62), card (62)
Computer Games

59 Knowledge | Knowledge Educational accompaniment (19), ex- Game Developer WWW .

Adventure Adventure, Games clusive (19), learn (19), knowledgeadventure.
Inc. play (19), provide (19) com/

37 Konami Konami game (31), player (26), mu- Game Developer www . konami . com/en/
Corpora- sic (23), device (20), pro-
tion vide (20)

31 Korg Korg, Inc. Production sound (26), electronic (20), Producers www . korg.com/de/

signal (18), synthesizer products/
(16), tuner (16)
36 Kustom Kustom Amplification guitar (29), stringed (20), Producers kustom.com/
Musical Musical amplifier (15), control
Amplifica- Amplifica- (11), speaker (11)
tion tion, Inc.
24 Latin Per- | Latin Per- Drums percussion (28), drum Classical Produc- | www.lpmusic.com/
cussion cussion, (20), mount (12), provide ers
Inc. (12), block (8)

44 Leblanc Leblanc, Brass, Wind in- | clarinet (15), woodwind Classical Produc- | www.com

Inc. struments (7), wind (5), brass (4), ers pany-histories.com
mouthpiece (4) /G-Leblanc-Corporation-Com
pany-History.html

45 Marshall Marshall Guitar Amplifica- | amplifier (24), cabinet Producers marshall.com/

Amplifica- Amplifica- tion, Drums, Per- (23), guitar (23), loud-
tion tion plc cussions speaker (23), sound (23)

13 Microsoft Microsoft Apps (Digital | provide (60), user (58), Software www.microsoft.com
Corpora- Consumption) system (57), include (49), /de-de/p/groove-m
tion audio (48) usik/9wzdncrfj3pt?

activetab=pivot:
overviewtab

32 Nintendo Nintendo Games, Equip- | game (40), sound (35), mu- Game Developer www.nintendo.com/
Co., Ltd ment sic (34), apparatus (32),

display (30)

40 Outfit7 Out Fit 7 Gaming Apps album (39), animate (39), Game Developer outfit7.com
Limited bag (39), ball (39), bib (39) /applications/

29 Panasonic Panasonic apparatus (25), signal (25), Hardware WWW .

Corpora- output (24), include (23), panasonic-electric-works.
tion music (23) com/de/firm
engeschichte.htm

21 Pearl Pearl Musi- Percussion, Ac- | drum (38), mount (22), as- Producers pearldrum.com/
cal Instru- cessories sembly (21), provide (21),
ment Com- comprise (20)
pany

10 Peavey Peavey Amplifiers, guitar (66), amplifier (48), Producers peavey.com/

Electronics Electronics Speakers, Acces- | bass (12), body (12), sound
Corpora- sories (12)
tion

16 Pioneer Pioneer Mischpult, DJ | apparatus (47), informa- Hardware WWW .

Corpora- Equipment tion (47), device (34), pioneerelectronics.
tion sound (34), include (32) com/PUSA/Home

18 PRS Gui- | Paul Reed Guitars guitar (72), bass (24), pick Classical Produc- | prsguitars.com/

tars Smith Gui- (11), pickup (10), tune (10) ers
tars
The table provides an overview on the major Firms (K to P) in the data set. It provides the rank among the
262 major Firms, the cleaned firm name, the main activity of the firm based on web searches. Further, the top words

of documents of the firm are provided. As every firm is assigned to a category, this is also disclosed.
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Table D.4: Description of the Major Firms from Q to S

Rank| Firm Official Main Activities Main Words Firm Category Source
Name Firm
Name
61 Quaker The electronic (4), guitar (4), Game Developer www . quakeroats.com/
Oats Quaker keyboard (4), pal (4), elec-
Oats Com- tric (3)
pany
8 Remo Remo, Inc. Drums drum (91), drumhead (72), Classical Produc- | remo.com/products/
material (25), sound (25), ers
surface (23)
60 Rico Rico Prod- Clarinetts, Acces- | mouthpiece (8), reed (7), Classical Produc-
ucts sories accessory (6), woodwind ers
(6), material (4)
4 Roland Roland Piano, Synthesiz- | electronic (175), sound Producers www.roland.com

Corpora- ers, Amplifiers (78), provide (77), include /global/

tion (75), percussion (69)

49 Rovio Rovio Games, Sound | bag (30), book (30), box Game Developer investors.rovio.com

Entertain- Design (30), card (30), computer /en

ment, Ltd (30)

26 Sam Ash | Sam Ash Musical Instru- | accessory (30), service Retail www . samash. com/
Music Music Cor- ment Retail (24), retail (18), guitar

poration (16), store (16)

48 Samick Samick Guitars, Pianos guitar (17), piano (16), Producers samickpiano.com/

Musical In- acoustic (15), electric (15),

struments electronic (11)

Co., Ltd

7 Samsung Samsung Headphones, data (85), audio (82), mu- Software news.samsung.
Electronics Apps (Digital | sic (82), sound (81), infor- com/global/sam
Co., Ltd. Creation, Digital | mation (79) sung-devices-and-services-every-m
Consumption) usic-lover-should-know-about
50 Schulmerich | Schulmerich || Bells carillon (20), replacement Classical Produc- | schulm
Carillons Carillons, (12), structural  (12), ers erichcarillons.com/
Inc. thereof (12), electronic
(11)
46 Selmer The Selmer Clarinetts accessory (8), drum (7), or- Classical Produc- | www.com

Company, chestral (7), band (6), horn ers pany-histories.

Inc. 5) com/The-Selm
er-Company-Inc-Com
pany-History.html

52 Smule Smule, Inc. Singing App, | device (28), performance Software www.smule.com/
Collaboration (28), user (24), capture
Music (23), render (21)

56 Sonor Sonor Drums drum (14), percussion Classical Produc- | www.sonor.com/

GmbH (10), include (8), support ers

(8), device (7)
6 Sony Sony Cor- Audio Equip- | apparatus (105), data Hardware www.sony.net/
poration ment, Head- (100), information (93), Products/proaudio/
phones, Micro- | include (92), signal (83) en/
phones
15 Sony Inter- | Sony In- game (59), video (56), mu- Game Developer www.sie.com/en/
active En- | teractive sic (55), sound (51), pro- index.html
tertainment | Entertain- gram (47)
ment, Inc.

The table provides an overview on the major Firms (Q to S) in the data set. It provides the rank among the
major Firms, the cleaned firm name, the main activity of the firm based on web searches. Further, the top words
of documents of the firm are provided. As every firm is assigned to a category, this is also disclosed.
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Figure D.22: 100 Major Firms in a Topics-Firms-Network from 1986 to 2015.
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The network illustrates the 100 major firms in the field of musical instruments from 1986 to 2015. Nodes are linked to firms and various intellectual property rights,
including design, patent, and trademark. Topic nodes are numbered to indicate the topic they represent. Topic nodes are coloured either in red or blue, depending on
their association with electronic or classical musical instruments. The shape and colour of topic nodes are determined by the dominant IPR type or musical instrument
category in the dataset. Firm nodes are rhombus-shaped and coloured based on their firm type. The connections represent the topic correlation from firms to topics

and among topics. Lighter colours indicate a weaker correlation.
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Figure D.24: Major Topics-Firms-Network from 1991 to 1995.

The network displays the 20 major firms in the field of musical instruments from 1991 to 1995. Nodes represent firms and topics. Topic nodes are labelled with
numbers, and their shapes indicate the IPR document with the highest mean occurrence: design (round), patent (triangular), and trademark (rectangular). Topic nodes
are coloured either red or blue, depending on their association with electronic or classical musical instruments. The shape and colour are determined by the strongest
document type or musical instrument type in the dataset. Firm nodes are rhombus-shaped and coloured according to their firm type, with firm names displayed. Links

represent the topic correlation from firms to topics and between topics, with lighter colours indicating lower correlations.
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Figure D.26: Major Topic-Firm-Network from 2001 to 2005.
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The network displays the 22 major firms in the field of musical instruments from 2001 to 2005. Nodes represent firms and topics. Topic nodes are labelled with
numbers, and their shapes indicate the IPR document with the highest mean occurrence: design (round), patent (triangular), and trademark (rectangular). Topic nodes
are coloured either red or blue, depending on their association with electronic or classical musical instruments. The shape and colour are determined by the strongest
document type or musical instrument type in the dataset. Firm nodes are rhombus-shaped and coloured according to their firm type, with firm names displayed. Links

represent the topic correlation from firms to topics and between topics, with lighter colours indicating lower correlations.
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Table D.5: Description of the Major Firms from T to Y

Rank| Firm Official Main Activities Main Words Firm Category Source
Name Firm
Name
19 Taylor Lis- | Taylor Lis- Piano, Organs, | guitar (54), carry (22), Producers www.bloomberg.com
tug tug, Inc. Others transducer (15), vibration /profile/company/
(15), pickup (14) 7341418Z:US
53 Thoip Thoip activity (28), address (28), Other
adhesive (28), album (28),
almanac (28)
62 Video Video Electronic  Key- | electronic (9), keyboard (9) Producers
Technol- Tech- boards
ogy nology
Industries,
Inc.
57 ‘Wal Mart Wal Mart Retail game (22), craft (21), fur- Retail www.walmart.com/
Stores, Inc. niture (20), appliance (19),
beauty (19)
34 World World accessory (46), action (46), Other WWW . WWe . com
Wrestling Wrestling animal (46), arcade (46),
Entertain- board (46)
ment, Inc.

1 Yamaha Yamaha Electronic  and | tone (834), data (800), Producers de.yamaha.com/de/
Corpora- Classical Musical | generate (730), electronic products/musical_
tion Instruments (716), provide (662) instruments/index.

html

The table provides an overview on the major Firms (T to Y) in the data set. It provides the rank among the
major Firms, the cleaned firm name, the main activity of the firm based on web searches. Further, the top words
of documents of the firm are provided. As every firm is assigned to a category, this is also disclosed.
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Table D.6: Documents per Major Firms per Five-Year Intervals for the Ranks 1 to 54

Rank | Firm Name 1986— 1991~ 1996- 2001- 2006— 2011- 1986-
1990 1995 2000 2005 2010 2015 2015
1 Yamaha 315 292 421 588 435 302 2353
2 Casio Computer 145 97 24 25 33 86 410
3 Kawai 58 115 74 53 40 33 373
4 Roland 22 21 45 67 77 93 325
5 Gibson 17 47 53 44 60 47 268
6 Sony 6 16 38 55 82 32 229
7 Samsung 3 24 5 12 31 72 147
8 Remo 13 16 28 43 8 22 130
9 Evets 13 7 69 20 4 13 126
10 Peavey Electronics 23 38 15 23 16 9 124
11 Apple 0 1 1 20 53 47 122
12 Drum Workshop 2 7 26 25 28 34 122
13 Microsoft 0 4 19 58 29 10 120
14 Hoshino Gakki 6 5 19 34 23 19 106
15 Sony Interactive Entertainment 0 0 18 26 33 11 88
16 Pioneer 7 30 14 25 9 1 86
17 Guitar Center 0 0 1 17 45 18 81
18 PRS Guitars 2 8 17 26 22 6 81
19 Taylor Listug 1 1 16 26 17 14 75
20 Fender 5 13 18 20 10 8 74
21 Pearl 5 10 4 16 24 14 73
22 Alibaba 0 0 0 0 22 47 69
23 D’Addario 2 12 14 10 8 22 68
24 Latin Percussion 21 12 20 15 0 0 68
25 IBM 5 18 24 4 6 9 66
26 Sam Ash Music 8 4 20 13 10 9 64
27 First Act 0 0 5 38 19 0 62
28 King.com 0 0 0 0 0 62 62
29 Panasonic 7 14 14 15 6 6 62
30 Harman 0 1 0 22 12 26 61
31 Korg 1 18 4 10 10 18 61
32 Nintendo 2 0 2 13 32 9 58
33 Hohner 3 5 7 2 9 26 52
34 World Wrestling 0 0 0 42 3 1 46
35 KHS 1 2 1 8 24 8 44
36 Kustom Musical Amplification 0 0 12 25 6 0 43
37 Konami 0 0 19 12 10 1 42
38 Creative Technology 0 2 18 15 1 40
39 Google 0 0 0 2 5 33 40
40 Outfit7 0 0 0 0 0 39 39
41 Grover 13 7 7 4 2 5 38
42 Harmonix Music 0 1 4 1 24 7 37
43 Hwa Shin 1 9 24 0 0 1 35
44 Leblanc 8 8 8 8 0 0 32
45 Marshall Amplification 0 1 0 1 5 25 32
46 Selmer 9 10 10 3 0 0 32
47 Advanced Micro Devices 0 15 15 1 0 0 31
48 Samick 9 8 12 0 1 31
49 Rovio 0 0 0 0 0 30 30
50 Schulmerich Carillons 1 17 6 0 5 30
51 E-mu Systems 10 16 3 0 0 29
52 Smule 0 0 0 0 4 25 29
53 Thoip 0 0 0 0 27 1 28
54 Actodyne General 0 15 8 3 1 0 27

The table provides an overview of the documents registered per Major Firms (rank 1 to 54) for the different

five-year intervals from 1981 to 2015. The overview is ordered according to the rank of the firm among the

Major Firms. If the firm is included in the networks related to that time interval, the document number is
270 marked in bold.
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Table D.7: Documents per Major Firms per Five-Year Intervals for the Ranks 55 to 62

Rank | Firm Name 1986~ 1991- 1996~ 2001- 2006— 2011- 1986-
1990 1995 2000 2005 2010 2015 2015
55 GTRC Services 0 0 0 0 0 25 25
56 Sonor 11 6 3 3 0 1 24
57 Wal Mart 0 0 1 0 0 22 23
58 International Strings 16 0 0 2 0 2 20
59 Knowledge Adventure 0 14 5 0 0 0 19
60 Rico 15 1 1 0 0 0 17
61 Quaker Oats 9 0 0 0 0 0 9
62 Video Technology 8 1 0 0 0 0 9
Classical Producers 8 3 6 5 3 4 16
Game Developer 1 1 2 1 3 3 9
Hardware 0 5 3 3 1 2 7
Other 0 0 0 1 1 0 2
Producers 10 10 8 11 7 6 18
Retail 1 0 1 0 2 3 5
Software 1 1 2 3 4 5
Total Major Firms | 20 20 21 | 22 | 20 | 22 | 62

The table provides an overview of the documents registered per major firms (rank 55 to 62) for the different
5-year intervals from 1981 to 2015. The overview is ordered according to the rank of the firm among the Major
Firms. If the firm is included in the networks related to that time interval, the document number is marked in
bold.
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E.1 Introduction

Innovation is a fundamental driver of economic growth and social development. Firms are eager to inno-
vate and be innovative to stay competitive (Schumpeter 2010). Major innovations like the steam engine
or semiconductors are only some of the innovations that had major impacts on the development of society
(Kuznets 1973). Not only large but also small innovations shape our lives. Recent advances can be ob-
served in the provision of services where digitalisation is enabling music or video streaming, car-sharing,
online banking or e-commerce. Innovation impacts economic growth, technological progress, invest-
ments, productivity, and resource allocation. It can take various forms, be it technological innovations,
new goods or new services being introduced, an improvement in processes or organisational change. The
market introduction is an essential aspect of an innovation (OECD and Eurostat 2005). As innovation
is important for the welfare of a country and the competitiveness of firms, policymakers worldwide are
trying to make their regions innovative, hoping to spur economic growth and social development. The
policy should therefore be based on evidence. Innovation research intends to provide the evidence needed
to guide policymakers in good decision-making.

Most of the evidence on innovation and innovation policy has been based on patent data. Patents are a
means for firms to protect their inventions from imitation and gain a monopoly right on their invention
(Neuhéusler 2009). Patents are considered a formal protection mechanism and are part of intellectual
property rights (IPR) (WIPO 2020d). For patent protection, an inventive technological step is required,
and the patent needs to publicly describe the invention (WIPO 2021h). Patent protection is globally
available. Patents are systematically registered and cover long-time spans (Basberg 1987). The patent
system further provides a sophisticated classification system that simplifies patent searches and allows for
detailed research. This makes patents interesting for innovation policy, as they are data sources that reveal
information on the current technological state-of-the-art on a global scale (Kleinknecht et al. 2002). In
innovation research, patents tend to be used as an indicator for product innovation (Dziallas and Blind
2019).

Even though patents have their advantages as an indicator, they also have some shortcomings:

* Not every patent covers a commercialised invention. This means that the invention is not introduced
into the marketplace. Therefore, these patents only cover inventions, not innovations (Basberg
1987). It is thereby not distinguishable which patents are used in the marketplace. For innovation
policy, it is therefore of interest to cover the diffusion aspect to ensure a market introduction, as
this is necessary to bring progress and affect economic growth.

e Patent application differs across sectors and firms. As patents require an inventive step in a
technological area, sectors with lower technological content are underrepresented (Kleinknecht et
al. 2002; Neuhéusler and Frietsch 2015). This does, however, not mean that there is no innovation
in these sectors. It is just not captured in patent-based innovation indicators (Hirsch-Kreinsen
2008). Research showed that low-technology sectors contribute to economic growth (Mendonca
2009).

 Patents have difficulties covering services, tacit knowledge, or software inventions (Millot 2009;
Mendonga 2009; USPTO 2017; USPTO 2015). These, however, are increasingly important.
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Figure E.1: Total Yearly Development of Granted USPTO Patents and Registered USPTO Trademarks
between 1978 and 2016.
Source: Own representation based on USPTO data.

First, industrialised countries have major service sectors that depend on services being provided.
Second, digitalisation is impacting not only technological sectors but all sectors. Therefore, a shift
in innovation activities should be observed. Relying only on patent data might convey a limited
perspective. Patent-based indicators could have overlooked the services mentioned above.

One possibility to include these perspectives and, in principle, overcome those shortcomings are trade-
marks. Trademarks can take various forms, mostly known are names representing a brand. For example, a
trademark like “Apple Music” is foremost a sign or brand used to protect the name but can simultaneously
stand for innovation in music provision. The name mostly requires registration for specific areas that
indicate the usage of the trademark to attain trademark protection. Thus, the trademark prevents confusion
and ensures distinctiveness between different goods or service providers (WIPO 2019b). Like patents,
trademarks are also registered, widely available, and cover long-time spans (Flikkema et al. 2015), but
are also applicable in all sectors and for product and services (S. J. H. Graham et al. 2013; Millot 2009).
They are also formal protection mechanisms and intellectual property rights (WIPO 2020d). Trademark
registrations increased in recent years and, for example, surpass patent registration in the United States
Patent and Trademark Office (USPTO) (see Figure E.1). Unlike patents, trademarks often require a mar-
ket introduction, enabling a diffusion perspective. They are applicable in services and low-technology
sectors. Overall, trademarks are of interest to innovation research. Millot (2009), Mendonca et al. (2004),
and S. J. H. Graham and Hancock (2014) suggest already their use as an innovation indicator, pointing
out their ability to cover not only technical product innovation but also service, marketing or business
process innovation.

Nevertheless, trademarks also have shortcomings when it comes to innovation research:

e The link of trademarks to innovation is not ensured. In contrast to patents, an inventive step is
not a requirement during trademark registrations. That makes trademarks more complex as an
innovation indicator. Several authors, therefore, research the linkage of trademarks and innovation:
Seip et al. (2018) find that trademarks are registered at different stages of the innovation process,
depending on the innovation to be protected. Mendonga et al. (2004) argue that innovative firms are
more active in trademarking than in patenting based on results of the Third Community Innovation
Survey (CIS 3). Flikkema et al. (2014) could show in their survey that above 50% of the trademark
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applications in their sample link to innovation, of which service innovation is captured mostly only
in trademarks and not in patents. So an innovation linkage is present. It is, however, not ensured
for trademarks. Nevertheless, in certain areas with limited patentability, trademarks are one of the
only formal protection mechanisms covering innovation activities in these areas.

* Another shortcoming of trademarks is their limited granularity. In patents, the patent classification
system is very sophisticated and elaborates on various innovation areas. The system classifies
each patent according to its technological content, allowing for detailed analyses of specific fields
and relations between these fields (WIPO 2020c). The trademark classification system, however,
provides fewer opportunities for innovation analysis, as the categories are broader and less specific.
For several million trademarks, only 45 NICE classes are commonly available (WIPO 2022a),
compared to over 75,000 categories in the patenting system (EPO 2022). This becomes a challenge
when using trademarks for specific innovation areas as this implies that the level of analysis remains
general, limiting the level of granularity that can be attained.

Thus, two challenges need to be addressed: First, trademarks do not always cover innovation, and
second, the granularity of trademark analysis based on current classifications remains limited. Bringing
trademarks and patents together could address the innovation challenges of trademarks and address
the shortcoming of patents. In contrast to trademarks, patents always cover inventions but not always
innovation. Together, these protection mechanisms could allow us to cover inventions and ensure their
market application. Further, the insights gained on technological innovations based on patents could
be enhanced with innovations in services or low-technology sectors based on trademarks. Malmberg
(2005) combine trademarks and patents in the pharmaceutical industry to capture innovation activities.
They find that both IPRs link to innovation activities in the field, with trademarks covering short-term
activities. The authors suggest using both IPRs for valuable insights but also point out that industry-
specific differences exist in the applicability of trademarks as an innovation indicator. Ribeiro et al. (2022)
assess the correlation of trademarks and patents for different sectors. The authors find that trademarks
are especially of interest in sectors with low patentability or where patents are not applied, services,
and less developed countries. Their results indicate that the combination of trademarks and patents
improves the understanding of technological and non-technological sectors. Even though joint analyses
of patents and trademarks might be useful, integrating trademarks with patents is not straightforward. A
possibility is the use of concordance tables to combine trademarks with patents. Zolas et al. (2017) link
trademarks on economic data based on keyword matching to derive insights on firms’ export behaviour.
The use of keywords enables already a more detailed perspective on trademarks and enables a class-level
perspective. However, the authors point out a need for additional approaches if further granularity is
intended. Other authors like Flikkema et al. (2015) integrate patents and trademarks via the same legal
entities that registered the different IPRs. However, this approach always limits itself to direct links
between patents and trademarks. Firms that are only active in trademarks or only active in patents but
contribute to an innovation field and its development and diffusion are overlooked. Further, this makes it
hard to combine the advantages of the different data sources, as much information is lost.

The challenge of limited granularity of trademark analysis still needs to be solved. Trademarks provide
more granular information, containing descriptions of the trademark application for goods and services.
These descriptions are textual data that can be exploited. The data can provide detailed information on the
application areas of trademarks and innovations that are protected with trademarks. Text analysis covers
techniques to identify patterns from unstructured, textual data to generate data-driven insights (Aggarwal
and Zhai 2012). Antons et al. (2020) argue for the application of text analysis to improve existing and
develop new measurements in innovation research.

Authors value or apply textual data analysis for various reasons:

 Text analysis enables the analysis of large data sets: This is handy when the data sets to be analysed
surpass the amount of data that humans can process in a feasible time. Ozcan et al. (2021) base
their analysis on 22,891 tweets from Twitter, Larsen and Thorsrud (2019) use 459,745 newspaper
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articles, or Feng et al. (2020) apply their analysis on 41,994 patents. Applying text analysis to
textual data enables the coverage of larger amounts. Several authors name this argument as one of
the main reasons to apply textual data analysis (Loshin 2013; Antons and Breidbach 2018; Bakhtin
et al. 2020; Kayser 2017; J. Kim and C. Lee 2017; N. Kim et al. 2015; Kohler et al. 2014; Shen
et al. 2020; B. Wang and Z. Wang 2018; Zhu and Porter 2002).

 Text analysis allows for the analysis of new data sources: As textual data are contained in various
sources, it is possible to include data sources into the analysis that could not be analysed with
standard approaches. For example, Dahlke et al. (2021) integrate fundamental human needs and
innovations to assess how crises shape innovation. The authors use web-scraped innovation project
descriptions for the innovation state and compare them to nine fundamental human needs described
in the literature. J. Kim and C. Lee (2017) extract futuristic data from websites like Siemens,
MIT technology review, or the World Future Society to extract scientifically relevant future topics
and compare them to the state-of-the-art revealed in patent data. They intend to identify weak
signals and extract novel topics by doing so. Mi et al. (2021) take advantage of survey data of older
people to determine the demand for gerontechnology and compare the insights gained to reports
of emerging technologies and patents to forecast future trends. A final example is Fiordelisi et al.
(2019) that use 10-K reports of firms to extract information on corporate creativity to measure the
impact on firm innovativeness and value. The authors find that creative culture fosters innovation.
These are only some examples of how new data sources reveal interesting insights to be included
in economic models. Although text analysis opens up more possibilities for data use and other
data sources are available, patents are still the most commonly used data source. However, the
amount of possible textual data available for innovation research is large and increases every year:
In 2020 alone, over 2.6 million new research articles were published on Web of Science (WoS
2021). Regarding intellectual property rights such as patents, trademarks and designs, 304,126
patents, 234,444 trademarks and 28,886 designs were registered in 2016 alone in the U.S., with
a total of 5,439,151 registered patents, 4,246,859 registered trademarks and 527,902 registered
designs from 1978 until 2016.!

e Text analysis allows for the combination of different data sources, or use of heterogeneous data:
Barriers imposed by the difference in the data structure of different data sources can be overcome
with the usage of language and shared words. Several authors take advantage of this: Bakhtin
et al. (2020) combine various data sources from scientific articles, patents, news, and awards to
analytical reports with natural language processing to identify emerging patterns in agriculture
and food production to provide insights for governments and firms for strategic planning activities.
Kayser (2017) integrate media with the abstracts of publications via matched terms for an innovation
diffusion perspective, while Shen et al. (2020) compare the textual content of patent and publication
clusters to discovering opportunities of scientific advancement and technological innovation in
smart health monitoring technologies. Combining several data sources can thus reveal new insights,
and text analysis helps with the integration.

Another important argument in this context is the time-efficient analysis options (Bakhtin et al. 2020;
Chiarello et al. 2021; Dahlke et al. 2021; Kayser 2017; J. Kim and C. Lee 2017; Zhou et al. 2020; Zhu
and Porter 2002), which enable quick results and therefore quick statements. This is particularly relevant
in rapidly changing fields where new findings are constantly being published. In addition, data-based
knowledge extraction is relevant, so that knowledge can be gained independently of experts (Bakhtin et al.
2020; Basole et al. 2019; Larsen and Thorsrud 2019; Mi et al. 2021; Shen et al. 2020; Song et al. 2017;
Zhou et al. 2020). This reduces expert bias and allows more people to generate knowledge. Overall, the
application of textual analysis in innovation research can reveal interesting insights. Studies have been
done, for example, on the current development of technologies like biofuels (Curci and Mongeau Ospina
2016) or blockchain (Chiarello et al. 2021), the diffusion of technologies like big data in scientific research

'Own data based on Query A.1, Query A.1 and Query A.1
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(Y. Zhang et al. 2019) or upcoming topics in innovation like batteries or charging connectors in electric
vehicles (Feng et al. 2020). The textual analysis can further be used to generate new ideas for innovation
areas by extracting ideas from public sources like Twitter (Ozcan et al. 2021) or identifying promising
areas by comparing consumer needs with available technologies (Mi et al. 2021). In the context of firms,
text analysis can further reveal insights on the convergence of firms (N. Kim et al. 2015) or make the
creativeness of firms traceable (Fiordelisi et al. 2019).

The various arguments for text analysis make it also interesting for the analysis of trademarks: Large
amounts of trademarks are available for analysis. The textual data of trademarks can be used to extract
detailed insights into different innovation areas and aspects of diffusion. Moreover, the textual data of
trademarks allows us to bridge trademarks to other data sources. The combination of trademarks with
different data sources can be of interest to capture, e.g., services but also the development of products more
broadly. The combination could be achieved textually between trademarks and patents. This implies
that shared words among trademarks and patents link the different intellectual property rights. This
would also overcome the large differences between the available classification systems in trademarks and
patents. The main assumption is that the description of an invention is similar across different intellectual
property rights, but the area of protection and application is changing, with a slight shift of focus when
it comes to the information conveyed. This means that patents cover more of the technological aspects,
while trademarks shed light on the market application and diffusion of an invention. In this thesis,
the combination of trademarks with patents is, thus, primarily of interest. However, designs are also
considered an interesting data source for innovation areas with high importance on other shapes and
patterns. Designs are applied to protect novel ornamental elements (WIPO 2021c). Like trademarks,
designs are currently not included as a standard data source in analyses of innovation. In this work, they
are included in Chapter 5, as they are of interest in the field under consideration. Like trademarks, they
might contribute to a more accurate measurement of innovation and could provide interesting insights.

First attempts to use textual data of trademarks for analysis have been made: Flikkema et al. (2019)
derive brand strategies of creation, extension or modernisation based on mark names and NICE coverage.
Semadeni (2006) compares the wording of different firms’ trademark applications to determine the firms’
relative position to each other. The wording of trademarks can further reveal the likelihood of service
innovations to be imitated (Semadeni and Anderson 2010). Even though some examples of the use of
textual data of trademarks exist, it has yet to be common to apply textual data analysis. Castaldi (2020)
points out in her overview that the focus is still primarily on structured, non-textual data of trademarks
that are used for analysis and that the trademark information is not used yet to their full potential.

In terms of combination, textual data of trademarks and patents have been combined: Authors like M.
Lee and S. Lee (2017) use the patents of firms to display technological knowledge and obtain details on
the market positioning of competitors based on the trademark descriptions. H. Kim et al. (2017) match
patents and trademarks broadly with keywords shared among patents and trademarks to uncover how
technological knowledge can be applied in the market and identify potential areas for diversification.
Patents thereby provide the invention perspective, while trademarks reveal areas of market introduction
of these inventions. However, the approaches to combine the data sources still mostly focus on keywords.
Another methodology to extract information from textual data that considers more than just keywords from
the textual data is topic modelling. Topic modelling is an approach for extracting the topics occurring in a
set of documents based on the words in these documents (Blei et al. 2003). In contrast to keyword-based
matching, topic modelling can also consider synonyms or the context of words. Example applications in
the context of innovation research are, for example, Basole et al. (2019), who identify topics and clusters
in the entrepreneurial ecosystem via topic modelling and reveal that clusters of entrepreneurs are not only
industry driven but also related to the similarity of their topics. Another example is Larsen and Thorsrud
(2019), who apply topic modelling to identify valuable topics in news articles that are then integrated
into economic models to improve the prediction of economic booms.

Overall, textual data of trademarks is the focus of this thesis. The information in the textual descrip-
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tion of the application area of trademarks in goods and services could provide a broader perspective
on innovation as they cover technical and non-technical areas and applications in goods and services.
The textual data further allows for the combination of trademarks with patents that primarily consist of
textual data, such as abstracts that summarise the content or patent claims that cover the protected areas.
Analysing the textual data of trademarks is one solution to extract more information from trademarks and
simultaneously provide a possibility to combine trademarks with other data sources. By doing so, this
thesis extends innovation coverage with the textual inclusion of trademarks to provide a broader perspec-
tive on innovation. The broad innovation coverage supports empirically-based policy recommendations.
However, to take advantage of the potential of textual data of trademarks, the data needs to be better
comprehensively assessed, and the characteristics of the data source must be elaborated.

E.2 Research Questions

Several aspects need to be considered in the context of this thesis to extract the advantages of textual data
of trademarks for innovation research:

Trademarks are a data source that provides, e.g. a perspective on services or low-technology areas but
also covers high-technology areas. Trademarks, however, have the drawback of unclear innovation
linkage and limited levels of detail for sophisticated analyses.

Textual Data can provide detailed information and, in that sense, provides an additional perspective in
combination with structured data. Further, as textual data is available in various data sources, it
holds the potential to allow for new combinations of data and, thus, new insights gained from these
combinations. In the context of textual data, however, it remains to be seen how the possibility of
their analysis is used in innovation research. It is of interest which methods and data are used to
address different research questions.

Textual Data of Trademarks allows for the combination of trademarks with other data sources, thereby
providing a broader perspective on innovation in general through the inclusion of services and
low-technology innovation in the analyses. However, it needs to be made clear where trademark
texts differ from, for example, patent texts and, thus, where they add value. Patents could provide
the inventive step, while trademarks ensure market application. By that, the coverage of innovation
could be ensured.

Innovation in Textual Data of Trademarks is not ensured. Some trademarks are linked to innovation,
but not every trademark is. Therefore, it is still being determined how this affects the analysis
of trademark text data and whether trademark textual data can provide interesting insights into
activities in innovation areas, even if only to shed light on diffusion aspects.

Overall, the thesis addresses these aspects and intends to keep the strength of trademarks while simul-
taneously addressing the limitations of this data source using textual data. To build an understanding of
trademarks and, in that context, textual data analysis, the thesis is structured as follows: In Chapter 2, the
general background on innovation, patents, trademarks and designs as part of intellectual property rights
and innovation measurement is given. Further, textual data analysis in general and with a focus on the
main method used in this thesis is presented. This knowledge serves as a general foundation for the thesis.
Following the Foundations, Chapter 3 focuses on the current use of textual data for innovation research
in general. This literature review provides a general understanding of the state of the art of textual data,
its analysis, reasons to apply textual data analysis and potential application areas in innovation research.
Chapter 4 and Chapter 5 then perform textual data analyses of trademarks in combination with other data
sources. Chapter 4 focuses on how trademarks and patents can be effectively combined to give a broader
picture of innovation. It assesses the textual combination and how aspects of innovation are covered in
each data source but with a focus, especially on trademarks. The underlying assumptions of this chapter
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are that insights on trademarks of structured and text-based data differ and that textual data of trademarks
generally contribute to a broader understanding of innovation. The analysis is performed on Robotics
and Footwear as representatives of a high-technology and a low-technology, respectively. The insights
gained serve as a foundation for further analyses of innovation based on textual data of trademarks. By
contrast, Chapter 5 combines patents, trademarks and designs to cover the transformation of the musical
instrument sector from low technology to high technology and introduces a focus on firms. Even though
one would expect an increase in patent applications in the sector due to the increasing relevance of
electronic instruments, trademarks are the relevant intellectual property right in the sector, not only for
classic but also for electronic musical instruments. The analysis contributes to a better understanding
of this phenomenon by providing insights into the intellectual property rights application in the context
of technological transformation and firm background. The thesis concludes in Chapter 6, where general
insights are reflected and discussed, especially concerning textual data of trademarks, and the main con-
clusion of the thesis is drawn. In general, the work contributes to a better understanding of textual data of
trademarks. It sheds light on textual data in innovation research as a whole, the contribution of trademarks
combined with other data sources and uses the insights gained to answer economic questions.

For the general structure of the thesis, it can thus be said that the chapters start with a general perspective
on textual data and become more specific over the course of the thesis: The thesis focuses first on
textual data in general, then looks at textual data of trademarks in comparison to patents before finally
applying the knowledge gained to assess technological transformation concerning intellectual property
right use, covering patents, trademarks and designs. The structure of the thesis is graphically represented
in Figure E.2. Here, the commonly coloured shape contours of the boxes indicated shared aspects between
the different chapters of the thesis. The legend can be found on the left.

Innovation Areas/ Sectors: All chapters cover different aspects of innovation (yellow). The foundation’s
section provides the general aspects of innovation and its measurement. The review in Chapter 3
is not restricted to an innovation area or sector. It is only relevant that the articles in the sample
are published in a business or an economic area, cover innovation and use textual data. Chapter 4
compares Robotics as a high-technology sector with Footwear as a low-technology sector to gain
generalisable insights. Lastly, Chapter 5 looks at the transformation of musical instruments, which
covers aspects of low- and high-technology applications due to classical and electronic musical
instruments.

Intellectual Property Rights: Intellectual property rights (violet) with a focus on trademarks are present
across all parts of the thesis. The foundation’s chapter presents the background of intellectual
property rights and especially patents, trademarks and designs and the measurement of innovation,
as well as an introduction to the textual data analysis method applied in this thesis. In Chapter 3,
intellectual properties are only indirectly considered as part of the textual data sources being used in
some of the analysed publications. Trademarks and patents are then closely assessed in Chapter 4
and Chapter 5 with the addition of designs in the latter. However, the main focus of the thesis is on
trademarks.

Textual Data: Textual data (green) and its analysis are relevant in all chapters. The analysis of textual
data is described in the foundation’s chapter. This thesis uses Structural Topic Modelling developed
by Roberts et al. (2019). Topic Modelling is a text analysis technique to derive topics out of a large
number of text documents. Structural Topic Modelling is a specific topic modelling approach that
identifies topics in existing documents under the consideration of additional information (Roberts
et al. 2019) (see further details in Section 2.4). Chapter 3 analyses published articles using textual
data in innovation research. The articles in the sample are not restricted to a specific data source.
Chapter 4 then analyses patents and trademarks, while Chapter 5 additionally includes designs into
the analysis.

Figure E.3 provides an integrated perspective on the chapters. In the course of the thesis, the innovation
areas covered are narrowed down to increase the focus, level of detail, and the integration of high- and
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Figure E.2: Structure of the Thesis.
The boxes on the left indicate the meaning of the shape contour colouring. Grey relates to the
methodology, violet to aspects of intellectual property rights, green to textual data sources used
for the analyses and orange to innovation areas covered.
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Innovation Areas and their
Integration

Textual Data Sources used
for the Analyses

Figure E.3: Integrated Perspective on the Research Chapters.
The triangle in yellow represents the breadth of innovation areas covered. The triangle in green
stands for the breadth of data sources used.

low technology (triangle in yellow). The areas are broadest in the literature review of Chapter 3, where
all kinds of areas in relation to innovation and textual data are assessed. In Chapter 4, high-technology
Robotics and low-technology Footwear are analysed as innovation areas. In contrast, high- and low-
technology aspects in Musical Instruments are jointly considered in Chapter 5. The triangle in green
represents the breadth of data sources used for the analyses in each chapter, which increases during the
thesis. In the beginning, publications are considered, followed by a joint analysis of trademarks and
patents, and concluding with a joint analysis of patents, trademarks and designs.

The remainder of the thesis goes as follows: First, further information on innovation, intellectual property
rights, innovation measurements and textual data analysis is provided in Chapter 2. In Chapter 3, insights
on textual data in innovation research are provided before performing different analyses on textual data
of trademarks in Chapters 4 and 5. Finally, the findings of the thesis are summarised, and general topics
are discussed before closing with the main contributions of the thesis in Chapter 6.

E.3 Summary and Contribution

The thesis covered various aspects of textual data of trademarks in the context of innovation research.
Before concluding this thesis, a summary of each chapter is provided in Section 6.1 followed by a
discussion. The discussion focuses on insights gained on textual data of trademarks from the joint
consideration of the different chapters. The thesis concludes in Section 6.3.

The thesis evolves around the use of trademark textual data in innovation research. To capture innovation
broadly and especially cover service innovation and innovation in low-technology areas, this thesis
examined trademarks as an innovation indicator. To combine trademarks with other data sources and to
increase the level of detail of the analyses, textual data of trademarks were assessed.

After presenting background information on innovation, intellectual property rights, the measurement of
innovation, and the analysis of textual data in Chapter 2, Chapter 3 provides a general perspective on
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the use of textual data in innovation research. Chapter 4 then compares patents and trademarks from a
textual data perspective in Robotics and Footwear. The data sources are evaluated against their coverage
of products, services and technical innovation. Chapter 5 applies the insights gained in the previous
chapters and uses them to measure technological transformation based on the textual data of patents,
trademarks and designs in Musical Instruments. It further provides information on the involvement of
different firms in the transformation.

Further detail on each chapter is provided in the following:

Chapter 3 provides a general overview of the current use of textual data in innovation research. Of special

interest are the motivation to apply textual data analysis, the data sources used, the methodology
applied, and the research questions answered based on textual data. The chapter contributes to a
better understanding of textual data in innovation research and the different methodologies applied.
In the context of the thesis, an overview of text-analysis methods are given, which help to build an
understanding on text-analysis. For this purpose, articles from the fields of economics and business
that contain text and innovation in the title or abstract are considered. The data set is successively
narrowed down based on the authors’ keywords provided and an intensive analysis of the abstracts.
The final sample consisted of 23 articles that are related to innovation and textual data.

Most of the articles were published in known innovation policy journals, and a third was in a
subject-specific field. Most authors appreciate the possibility of analysing large textual data sets
in an objective, data-driven and time-efficient way. Textual data serves as a data source for time-
based analyses and to detect opportunities or uncover hidden information. Primarily patents and
publications are used as data sources. Other data sources are news articles, social media or firm
documents. Most articles in the sample focus on an individual data source, while six articles
combine several data sources to address their research questions, including insights about, e.g.,
firm culture, customer feedback, and public reaction in innovation analyses. FEither patents or
publications are always included in the combinations. Eleven articles apply clustering algorithms,
especially for exploration and topic identification, while three apply classification methodologies
to identify ideas or innovative firms. For clustering, especially Latent Dirichlet Allocation (LDA),
which is a topic modelling approach (Blei et al. 2003) is used. Various research questions are
covered: A main research area addressed is discovering and exploring technologies, mostly based
on topic modelling. Further areas are industry convergence and regions, innovation trajectory and
diffusion, and the emergence of novel topics or idea generation.

The chapter provides an understanding of the current state of textual data analysis. This contributes
to the application of textual data analysis in innovation research. It highlights potential research
areas that benefit from the use of textual data: Text-based analyses enable the analyses of text data
sources and the combination of different data sources via language. Due to their reduced expert
involvement, objectivity increases. Analysing text-based data becomes faster and easier with the
use of text-based methods, allowing for regular repetition. Methodologies can be used for a variety
of objectives. For the most part, they are used to identify topics or emerging trends and make
them visible. Overall, the review reveals that research on textual data in innovation can provide an
additional perspective. So far, textual data analysis is still mostly descriptive, but some concepts to
use the information gained in further analysis exists.

Chapter 4 combines textual data of patents and trademarks and assesses how aspects of innovation are
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covered in each data source, focusing especially on trademarks. The chapter contributes to a better
understanding of the application of textual data of trademarks and the combination of the data
source with patents. This enables further analyses of innovation based on trademark textual data.
The chapter addresses two research questions:

RQ4.1: Can trademarks and patents be combined via their textual data on a detailed level?



E.3 Summary and Contribution

RQ4.2: Does the textual combination of trademarks and patents add new insights to the discussion
of innovation?

To answer the research questions, trademarks and patents are combined textually with Structural
Topic Modelling of Roberts et al. (2019). Robotics and Footwear as representatives of high-
technology and low-technology are analysed, respectively. The results are analysed in terms of
textual combination and insights gained. Therefore, general assumptions are drawn from the
literature on innovation in trademarks, markets, services, and technology.

The model estimation is used to analyse Robotics and Footwear. In Robotics, for example, 115
topics are estimated based on the data set provided to the model. As can be seen in Figure E.4, the
topics have different occurrence probabilities in each data source. The green bars display topics
that have a significance for occurring in patents, while blue bar displays topics with a trademark
significance. Gray bars do not have a clear occurrence in either data source. In the course of the
analyses, the different topics in trademarks, patents and neither of both are assessed. The internal
consistency of the topics is thereby considered, which implies that the general topic words and the
documents that are related to the topic should be understandable for the human observer. The topic
relation to official classification systems as well as the importance of the topic over time is also
considered. The analysis is repeated for Footwear, before the results are combined and assessed in
relation to the research questions.

The first question covers the possibility of combining patents and trademarks textually:

RQ4.1: Can trademarks and patents be combined via their textual data on a detailed level?

In terms of combination and consistent topics, the analysis displayed mixed results: In
Robotics, the textual combination of trademarks and patents displayed consistent results.
They were in line with the classifications of patents and trademarks but provided a more
detailed perspective. Patents highlighted the invention and technical aspects, while trade-
marks added details and mainly covered the application areas. For trademark analysis, the
approach further connects the trademark topics to the patent classification system, allowing
for a better interpretation of the trademarks. Overall, the textual data of trademarks enhanced
the analysis and provided information on additional areas. Footwear is a low-technology area
with fewer inventions and technological applications. This could be observed in the textual
analysis: Only a small number of patents compared to trademarks was available. Further,
the trademarks mainly focused on several clothing items instead of innovative technologies.
Trademarks covered only a little information on inventions to generate consistent topics;
thus, the combination of patents and trademarks was only partially consistent. The results
in Robotics and Footwear thus provided different results. It became apparent that the textual
structure of the trademarks differed between Robotics and Footwear: In Robotics, the trade-
mark descriptions are generally more detailed with information on the product, the purpose
of the robot and aspects of protection. Further, an increasing level of detail is observable
over time. The trademark descriptions in Footwear are less specific and detailed than those
in Robotics. Trademark descriptions of topics with consistent results in Footwear displayed a
similar textual structure to those in Robotics. The level of detail available supports the model
in its calculations. Generally, the level of detail available in trademark descriptions differs
depending on the innovation area looked at and the time covered. Trademarks with a higher
degree of technical information contain similar information as patents, while trademarks with
less technological and innovation aspects diverge from patents. Trademark texts thus capture
innovation activities and provide a detailed perspective. However, the level of detail is sector
or innovation-area-specific. When trademarks’ textual data are used to analyse innovation,
this should be considered.

RQ4.2: Does the textual combination of trademarks and patents add new insights to the discussion
of innovation?
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The figure provides an overview of the 115 topics in Robotics. The topics are displayed according
to their relative share in the overall data set and ordered decreasingly. The colouring indicates the
document type, which is significant for the topic, with a 95% confidence interval (Figure C.2). In
case of no significance, the colouring of the bar is kept in grey. The legend on the right displays
the topic number and the five words with the highest occurrence probability in the topic.
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The second question focused on the added insights due to the combination. General assump-
tions about the data sources are extracted from the literature to assess the added insights.
These are that trademarks cover innovation, more service or market-related innovations, and
patents provide information on technical innovation. These assumptions are challenged as
not all results might be reproducible based on textual data. For example, a difference in
service coverage might not be observable textually. Service-related information might also
be covered in patent textual data, or no further description of the services might be provided
in the trademark texts. Therefore, it is necessary to understand the contribution of textual
data of trademarks in comparison to patents. The different assumptions are evaluated against
the results of the textual data analysis and reveal the following:

Trademarks and Innovation: The link between trademarks and innovation is observable
in the textual data. However, a certain technological degree is required to combine
trademarks and patents and to generate topics in trademarks where additional information
on innovation is available.

Market and Products: In Robotics, trademarks ensure the market perspective of the inven-
tions covered in patents. The market and product application were also covered in
patents but not as the primary focus. Patents helped to interpret and bundle trademarks,
as the patent classification system provided more structured details than the trademark
classification system. In Footwear, trademarks only provided the market introduction
perspective in the case of consistent topics. The trademarks were mostly focused on
final products without further details on their invention. Here the advantage of the com-
bination and textual data of trademarks for innovation research needs to be questioned.
In general, trademarks cover more final products and the market perspective. They can
add the market and product perspective in the analysis of innovation, while patents focus
more in detail on the inventions behind them.

Services: Insights on services could be gained from both data sources, with a higher repre-
sentation in trademarks. Services like entertainment or education are more in trademarks.
Services with a technical component are also observable in patents like service robotics
or footwear subscriptions, which is in line with the findings of Blind et al. (2003). The
inclusion of trademarks provided additional insights into services and highlighted the
service areas in Robotics or Footwear.

Technical innovation: The patent topics in Robotics and Footwear covered technical aspects
and focused on functions or components. In Robotics, trademarks contribute detailed
technical information on various topics independent of the significant IPR. In Footwear,
the technical details are provided mainly by patents and rarely by trademarks. Generally,
patent descriptions still provide more technical information than trademarks. Trademark
descriptions, nevertheless, cover technical aspects, the extent is just highly dependent on
the field of innovation looked at, and the level of detail is lower than patents.

The literature’s assumptions, thus, in general, also apply to textual data of trademarks and
patents. Interms of additional insights, trademarks can thus contribute to innovation coverage.
The results’ quality depends highly on the application area analysed and the trademarks
covered in the data set.

Overall, the combination of trademarks and patents revealed that the data sources can be combined
on a detailed level and that the combination adds insights into the innovation discussion. As the
field of analysis highly impacts the quality of the results, the field of analysis needs to be considered.
The chapter contributes to a better understanding of textual data of trademarks as an innovation
indicator — in general and for specific innovation areas of low and high technology. Further, the
chapter highlights the potential of the combination of trademarks and patents and the differences
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Figure E.5: Musical Instrument IPR Registration per Year and Musical Instrument Type.
The figures display the yearly development of the document registrations, differentiated for classic
or electronic musical instruments.

between these two textual data sources in innovation. The insights gained serve as a foundation for
further analyses of innovation based on textual data of trademarks, especially in joint analysis with

patents, which can be used to improve existing innovation measurements.

Chapter 5 assesses the technological transformation in musical instruments and the involvement of major
firms in the transformation with joint textual analysis of patents, trademarks and designs. The
musical instrument sector combines low-technology and high-technology aspects. It is a sector
with, on the one hand, a long tradition and low-technology products such as classical musical
instruments. On the other hand, it is a sector undergoing a technological transformation through
the electrification and digitalisation of musical instruments. Even though musical instruments are
becoming increasingly technical, trademark registrations surpass patent and design registrations

(see Figure E.5).

In musical instruments, patent, trademark and design protection is applied. To understand the
transformation, the involved firms and the use of intellectual property rights, the chapter combines
textual data of patents, trademarks and designs in musical instruments to attain a broad cover-
age of technological transformation and to assess a change of use of the IPRs concerning this

transformation and involved firms.

Thus, the analysis provides a broader perspective on the transformation, firms and the application
of different intellectual property rights (IPRs). The analysis is separated into two parts: Part I
focuses on the sector in general, and part II includes major firms in the discussion. The related

questions are:

RQ5.1: What is the nature of the sector transformation from a low-technology sector to a sector

with low- and high-technology?

RQ5.2: How does the transformation relate to IPR use?

The related research questions from the firm perspective are:
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RQ5.3: Who contributes to the transformation?
RQ5.4: How does this relate to IPR use?

The different intellectual property rights serve as a basis for the analysis. Their textual data provide
content-based insights into the transformation. For this purpose, the data sources are combined
textually, and the topics of the data set are extracted with Structural Topic Modelling of Roberts
et al. (2019). Based on the topic estimation, networks can be formed with the topics as nodes
and the topic co-occurrences as linkages. The networks are analysed for patterns that are related
to the change taking place. In the sector analysis, the relevance of IPR use, different musical
instrument types and classical versus electronic musical instruments are assessed, and changes over
time are considered. From the major firm perspective, the topic network is then enhanced with
firms, building a firms-topics-network.

The sector perspective reveals that the musical instrument sector has transformed from the pro-
vision of classical musical instruments to electronic instruments and digitalisation. For example
Figure E.6a displays the topic network from 1986 to 1990 from a sectoral perspective, while
Figure E.6b displays the situation from 2011 until 2015. As can be seen, the topics in classical
musical instruments decreased from 59 to 46 nodes, while the electronic topics increased over time.
Electronic topics are covered by patents as well as trademarks. Designs connect the patent and
trademark topics. The topics covered change towards digital aspects like sound creation, mobile
and gaming. With technological transformation, the use of intellectual property rights has changed.
Each IPR type provides different information: Electronic topics or data-related topics are relevant
in patents but are increasingly also in trademarks. Designs are an intermediate between patents
and trademarks and often cover similar topics as trademarks. The IPR use has changes over time,
with trademarking becoming more important in electronic musical instruments and covering the
digital aspects of digital sound creation, mobile and gaming.

The firm perspective focuses on the major firms in five-year intervals from 1986 until 2015
and categorises them according to their background. These firms are the major applicants of
intellectual property rights across all IPRs. Figure E.7 displays the 87 topics in relation to the
major firms from 1986 until 2015. The analysis reveals that the background of firms contributing
to the transformation changes over time, with firms from various backgrounds contributing to the
sector’s transformation. Mainly musical instrument producers were active in the beginning. Over
time, hardware and software firms, retailers and game developers entered the sector. Their topics
were predominantly related to computation, signalling, voice capturing and data processing. The
transformation and technological change is thus driven also by firms that are not directly involved
in musical instrument production. The IPR use overlaps with the firm background. Software
and hardware firms are more related to patent topics, while gaming and retail firms are close
to trademark topics. The positioning of musical instrument producers depends on the degree of
electrification of their instruments. Some are positioned closer to patent topics, while most are in
the trademark or design topic domains. The results are in line with the sector perspective.

Overall, the electrification and digitalisation of musical instruments is a combined effort of hard-
ware, software and gaming firms leading to new developments in the sector and musical instrument
producers that introduce electrification to their instruments. The chapter shows that technological
transformation is captured via the combined use of different intellectual property rights. Espe-
cially the inclusion of trademarks adds additional aspects like gaming to the analysis. The use
of text-based analysis enabled the discovery of topics that are related to the transformation and
different firms. This enabled a differentiated analysis of the transformation. Method-wise, the
firms-topics-network provides a better understanding of firm positioning in general. The chapter
contributes to a better understanding of intellectual property rights application in the context of
technological transformation and involved firms. A technological transformation is taking place in
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(a) Network of Musical Instrument Topics, Differentiated for Electronic and Classic
Instruments from 1986 until 1990
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(b) Network of Musical Instrument Topics, Differentiated for Electronic and Classic
Instruments from 2011 until 2015
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Figure E.6: Network of Musical Instrument Topics, Differentiated for Electronic and Classic Instru-

ments.

The networks display the topic relation from 1986 until 1990 and 2011 until 2015, differentiated
for IPR types and electronic versus classical musical instruments. Nodes represent the topics,
while links represent the likelihood of these topics to co-occurrence. The node size represents
the topic proportion. The IPR types are indicated via the shape of the nodes, while the musical
instrument information is given by the colouring of the nodes. An intensive blue means that the
topic is strong in electronic musical instruments and vice versa for classic musical instruments in
red.The edges display the strength of correlation. Lighter colours have a lower correlation than
darker colours. In Figure E.6a, 59 nodes are more in classical musical instruments compared to
28 nodes in electronic topics. In Figure E.6b 46 nodes are more in classical musical instruments
compared to 41 nodes in electronic topics.
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musical instruments and across other industries, especially fuelled by digitalisation. The method-
ology of the chapter can be applied to understand the transformation of different sectors better, as
not only high-technology aspects but also low-technology aspects are covered, and to assess firms
on a more detailed level.

E.4 General Remarks on the Thesis

Each chapter of the thesis thus focused on different aspects. However, the chapters are connected by
various elements. All chapters cover innovation and different innovation areas (see Figure E.8). The
breadth of innovation areas (see yellow triangle) covered is broadest in Chapter 3, as here, all areas of
innovation are considered under the condition that textual data are used for the analysis of innovation.
Chapter 4 covers Robotics and Footwear, whereas the former represents a high-technology area and the
latter represents a low-technology area. In Chapter 5 the Musical Instruments sector is assessed as a
sector in which a technological transformation takes place and where aspects of low- and high-technology
are relevant. In parallel to a decreasing breath of innovation area, the integration increases. In Chapter 4,
the high- and low-technologies are analysed individually and then compared for Robotics and Footwear,
while low- and high-technology aspects are jointly analysed in musical instruments. The data sources
used (see green triangle) during the thesis become more diverse. At first, the research is based on a
sample of publications related to textual data in innovation research. In the following Chapter 4, patent
and trademark textual data is used as the basis for analysis and the textual content of the different data
sources are compared to each other. Finally, in Chapter 5, patents, trademarks and designs are jointly
used to provide broad coverage of the innovations in musical instruments and the topics derived from
the analysis are used to identify general patterns. Figure E.8 provides an integrated perspective on the
chapters. The joint aspects are coloured accordingly.

E.5 Discussion

Considering the chapters together, some general aspects remain to be discussed. The thesis started with
the need for a broader innovation perspective to cover low-technology areas and services not covered
in patents. Trademarks were treated as an alternative data source to provide this perspective. The
combination of trademarks with patents and designs was proposed based on textual data, assuming
that these provide the potential to combine several data sources and a broader perspective on low-
technology innovation and services. The textual data were preprocessed and combined throughout the
thesis with Structural Topic Modelling. The analyses revealed several strong points of the approach but
also challenges that still need to be addressed:

Trademarks: Trademark data provide not only information on services but also technological areas. This
became obvious in Robotics, where trademarks also contained detailed information on innovations.
In Musical Instruments, trademarks introduced aspects of digitalisation like mobile, digital sound
design and gaming. Interestingly, the firms’ background is more decisive for the IPR application
than the technological aspects. One would have expected all high-technology aspects to be found
more in patents. However, software and hardware firms were found to be active in patents, while
firms with gaming backgrounds were active in trademarks. Here, further research is needed on the
differences that explain this behaviour. A reason could be the speed of development in the gaming
sector and the importance of marketing and customer closeness.

Textual Data: The textual data enabled the analyses of various innovation areas in a data-driven way.
Large data sets could be covered, and trends were detected without the involvement of experts.
Trademarks, patents and designs could be combined and jointly analysed. The focus on the
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Innovation Areas and their Integration

All Areas
Publications

Musical Instruments:  El> TP
S s

Textual Data Sources used for the Analyses

Figure E.8: Summary of the Integrated Perspective on the Research Chapters

The triangle in yellow represents the breadth of innovation areas covered. The triangle in green
stands for the breadth of data sources used. The dark grey colour of the boxes in Chapter 3 indicates
that no specific area of interest is covered. The literature review covers a sample of publications.
However, the textual data applied in these publications use textual data from various data sources.
The oval boxes are either coloured dark blue or red. Dark blue relates to high-technologies, while
red relates to low-technology aspects. The intellectual property rights have a violet shape contour.
Patents have a green filling, trademarks a light blue filling, and designs a light red filling. The
colouring of the boxes was maintained throughout the thesis in terms of patents, trademarks,
designs, high-technology, and low-technology to enable a common understanding throughout the
chapters.

textual information thereby contributes a broader perspective, as seen in the analyses of Musical
Instruments. The textual data provided information to explain the, e.g., use of trademarks in
electronic musical instruments. Also, the approach enabled the thematic positioning of firms that
displays their involvement in the transformation. Over time, it became evident that firms with
different backgrounds became involved, which then introduced new topics to the transformation of
musical instruments.

Through the preprocessing and analyses, it became evident that the textual data of different intellec-
tual property rights differ, especially in the dimensions of legal and common words used, sentence
structure and level of detail. These affect the ability to combine and compare the different data
sources. The documents’ IPR type was therefore considered during preprocessing to account for
these differences: Highly common words specific to each IPR were considered and removed. Care
was taken in the cleaning process to preserve the differences between the data sources. However,
this resulted in words without meaning being included in the final data sets. In order to further
improve the analysis of multiple data sources, a stop word list specific to each IP right could
therefore be of interest, containing, in particular, the common legal terms of the respective IP right.
As such, further focus on meaningful words could be ensured while considering content-related
differences in the data sources.

An additional aspect to consider in the textual data analysis of the IPR documents is that the

documents were not equally represented in the different innovation areas. In Robotics, most
documents were patents, while in Footwear, most documents were trademarks. In the data set of
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musical instruments, patents and trademarks were equally represented, while designs were rarely
included. The share of each IPR type in the data set impacts the topics estimated, as the topics are
estimated based on the documents provided and thus lean towards the IPR type with the highest
share. This means that the smaller the proportion of an IPR, the greater the uncertainties of the
estimate concerning this IPR and, thus, the greater the variance. We have seen in the different
chapters that as long as consistency and relatedness of the documents to the topics are ensured,
the difference in the share of IPRs is, however, neglectable. In Robotics, the topics were very
consistent. In Footwear, the topics with a high relation to patents were also consistent. In the case
of trademark topics, the consistency depended on the structure of the trademarks. In cases where
trademarks provided only items of clothing, the consistency was lower, and the topics provided less
detail on the production or innovation contained. In musical instruments, topics related to hardware
and software firms and mostly patents display a high consistency among the main documents of
patents, trademarks, and designs. However, the consistency of trademark topics depends on the
electronic aspects. Overall, the consistency and, thus, quality differs depending on the textual
structure. A high technological relatedness often leads to a high quality of the topics. Additionally,
the quality and use of the IPRs in the area covered need to be considered.

Finally, the text length must be taken into account. Trademarks contain predominantly short texts
or concise word lists. Designs are also short in their textual description. Patents provide extensive
descriptions or short abstracts. This thesis used the abstracts of patents to align with the textual
length of trademarks and designs. This approach worked for the combination. For patents, it could
be interesting to extend the analysis concerning the patent description to achieve an even higher
level of detail.

Textual Data of Trademarks: The thesis focused on textual data of trademarks in combination with

other data sources to gain a broader perspective on innovation. Among the articles in the sample
of Chapter 3, no article used trademarks as a data source for textual data, which is in line with the
results of others. However, throughout this thesis, it is shown that textual data of trademarks do
contain information on innovation and provide an opportunity to combine trademarks with other
data sources. This provides additional insights into firm positioning or innovations in different
innovation areas.

The analyses of textual data of trademarks, patents and designs made it possible to discover more
in detail about Robotics, Footwear and the transformation of Musical Instruments, especially in
comparison to the available classifications. Nevertheless, the amount of text and kind of text
structure is also decisive for the level of detail: Even though trademark descriptions are relatively
short, differences in their structure exist. The trademark descriptions of Robotics or Musical
Instrument trademarks covering high-technology aspects displayed a more extensive description
and detail than trademarks in, e.g., the low-technology area of Footwear, where the trademark
description resembled a list of goods without further detail. Here further research is needed to
understand the reasons for this difference and potentially focus on trademark descriptions with a
high level of detail.

The analysis of textual data of trademarks in this thesis was used to explore trends. The topic
modelling approach supports this intention. However, trend exploration is only one aspect of
textual data used for innovation research. More research needs to be done to include the insights
gained thanks to textual data in existing economic models.

Innovation in Textual Data of Trademarks This thesis deals with the assumption that trademark texts
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represent interesting insights about innovations. This is despite the fact that the link between
trademarks and innovation is not guaranteed. The analyses of Robotics, Footwear and Musical
Instruments were able to show that trademarks provide detailed information about innovation
comparable to patents. They could ensure the perspective of market introduction and diffusion.
However, differences in the trademark texts were found to influence how well the texts of trademarks
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contribute to the understanding of innovation. This different structure could be related to the extent
to which trademarks represent innovation and requires further investigation.

Overall, textual data of intellectual property rights provide interesting insights into the development of
innovation. The thesis addressed textual data of trademarks and revealed their contribution.

E.6 Closing Remarks and Future Research

To conclude, the thesis adds to the discussion of textual data of trademarks in innovation research. It,
therefore, analysed the current state of textual data analysis in innovation research, compared trademark
and patent textual data and applied textual data from patents, trademarks, and designs to measure
technological transformation. Overall, the textual data of trademarks enabled the combination of several
data sources. The inclusion of trademarks captured service and low-technology aspects. The textual
data of trademarks added aspects like digitalisation in musical instruments. The thesis contributes to a
better understanding of textual data use, unlocks textual data of trademarks and applies textual data of
patents, trademarks, and designs to assess technological transformation. Combining different intellectual
property rights through textual data provides a broader perspective on innovation while overcoming
existing limitations. The combination of trademarks, patents, and designs enhances the strengths of each
data source for innovation research. The textual data further provides detailed information to understand
technological development or the behaviour of firms. The thesis contributes to the area of textual
data use for innovation research and especially the application of trademark textual data analysis. In a
broader context, the thesis contributes to evidence-based policymaking by enhancing our understanding
and measurement capabilities of innovation. This improvement aids in deriving more comprehensive
recommendations for political initiatives, especially in low-technology innovation areas.

Further research is necessary. The challenges mentioned above remain to be addressed. In this thesis, the
analysed patent, trademark, and design documents were identified using class-based and keyword-based
searches. This is necessary as, across different data sources, no common classification system exists. At
the same time, it must be ensured that the criteria for the documents to be included are similar across
the data sources. In the case of more complex areas of interest, like green technologies in developing
countries, a more sophisticated approach to identifying the relevant data across different data sources is
of interest as the results are only as good as the data used. Further, the innovation linkage of textual
data of trademarks could be improved: In areas with a high technological relation, the trademarks in this
thesis displayed a high level of detail. However, in areas with low-technology intensity, like clothing,
the trademark descriptions covered mostly a list of clothing items. Here, an approach to differentiate
between relevant and non-relevant trademark descriptions for innovation research might be of interest to
increase the focus on innovation. Lastly, insights gained by the approach, like the background of firms
being decisive for IPR use, remain to be included in further economic models to improve their results.
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F.1 Introduction

L’innovation est un moteur fondamental de la croissance économique et du développement social. Les
entreprises sont désireuses d’innover et d’étre innovantes pour rester compétitives (Schumpeter 2010).
Les innovations majeures comme la machine & vapeur ou les semi-conducteurs ne sont que quelques-unes
des innovations qui ont eu un impact majeur sur le développement de la société (Kuznets 1973). Ce ne
sont pas seulement les grandes mais aussi les petites innovations qui fagonnent nos vies. Des progres
récents peuvent étre observés dans la fourniture de services ou la numérisation permet la diffusion de
musique ou de vidéos, le covoiturage, la banque en ligne ou le commerce électronique. L'innovation
a un impact sur la croissance économique, le progres technologique, les investissements, la produc-
tivité et I’allocation des ressources. FElle peut prendre diverses formes, qu’il s’agisse d’innovations
technologiques, de I'introduction de nouveaux biens ou de nouveaux services, d’une amélioration des
processus ou d’un changement organisationnel. L’introduction sur le marché est un aspect essentiel d’une
innovation. L’innovation étant importante pour le bien-€tre d’un pays et la compétitivité des entreprises,
les responsables politiques du monde entier s’efforcent de rendre leurs régions innovantes, dans I’ espoir
de stimuler la croissance économique et le développement social. La politique doit donc étre fondée sur
des preuves. La recherche sur I’innovation vise a fournir les preuves nécessaires pour guider les décideurs
politiques dans la prise de bonnes décisions.

La plupart des données sur I’innovation et la politique d’innovation sont basées sur les données relatives
aux brevets. Les brevets sont un moyen pour les entreprises de protéger leurs inventions de 1’imitation
et d’obtenir un droit de monopole sur leur invention (Neuhdusler 2009). Les brevets sont considérés
comme un mécanisme de protection formel et font partie des droits de propriété intellectuelle (DPI)
(WIPO 2020d). Pour obtenir une protection par brevet, il faut une activité technologique inventive et
le brevet doit décrire publiquement 1’invention (WIPO 2021h). La protection par brevet est disponible
dans le monde entier. Les brevets sont systématiquement enregistrés et couvrent de longues périodes
(Basberg 1987). Le systeme des brevets fournit en outre un systeme de classification sophistiqué qui
simplifie les recherches de brevets et permet des recherches détaillées. Cela rend les brevets intéressants
pour la politique d’innovation, car ils constituent des sources de données qui révelent des informations
sur I’état actuel de la technologie a 1’échelle mondiale (Kleinknecht et al. 2002). Dans la recherche
sur I’innovation, les brevets ont tendance a étre utilisés comme un indicateur de 1’innovation de produit
(Dziallas and Blind 2019).

Méme si les brevets présentent des avantages en tant qu’indicateur, ils ont aussi quelques défauts :

 Tous les brevets ne couvrent pas une invention commercialisée. Cela signifie que I’invention n’est
pas introduite sur le marché. Par conséquent, ces brevets ne couvrent que les inventions et non les
innovations (Basberg 1987). Il n’est donc pas possible de distinguer quels brevets sont utilisés sur
le marché. Pour la politique d’innovation, il est donc intéressant de couvrir 1’aspect diffusion pour
assurer une introduction sur le marché, car cela est nécessaire pour apporter des progres et affecter
la croissance économique.

e L’application des brevets differe selon les secteurs et les entreprises. Comme les brevets exigent
une activité inventive dans un domaine technologique, les secteurs a faible contenu technologique
sont sous-représentés (Kleinknecht et al. 2002; Neuhiusler and Frietsch 2015). Cela ne signifie
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pas pour autant qu’il n’y a pas d’innovation dans ces secteurs. Elle n’est tout simplement pas
prise en compte dans les indicateurs d’innovation basés sur les brevets (Hirsch-Kreinsen 2008). La
recherche a montré que les secteurs de faible technologie contribuent a la croissance économique
(Mendonga 2009).

¢ Les brevets ont des difficultés a couvrir les services, les connaissances tacites ou les inventions de
logiciels (Millot 2009; Mendonga 2009; USPTO 2017; USPTO 2015). Or, ceux-ci sont de plus
en plus importants. Premierement, les pays industrialisés ont d’importants secteurs de services
qui dépendent de la prestation de services. Deuxiemement, la numérisation a un impact non
seulement sur les secteurs technologiques, mais sur tous les secteurs. Il convient donc d’observer
une évolution des activités d’innovation. Le fait de s’appuyer uniquement sur les données relatives
aux brevets pourrait donner une perspective limitée. Les indicateurs basés sur les brevets pourraient
avoir négligé les services mentionnés ci-dessus.

Les marques constituent une possibilité d’inclure ces perspectives et, en principe, de surmonter ces
lacunes. Les marques peuvent prendre diverses formes, les plus connues étant les noms représentant une
marque. Par exemple, une marque comme "Apple Music" est avant tout un signe ou une marque utilisée
pour protéger le nom, mais elle peut aussi représenter 1’innovation dans la fourniture de musique. Le nom
nécessite le plus souvent 1’enregistrement de domaines spécifiques qui indiquent 1’'usage de la marque
pour obtenir la protection de celle-ci. Ainsi, la marque empéche toute confusion et assure le caractere
distinctif entre différents produits ou fournisseurs de services. Comme les brevets, les marques sont
également déposées, largement disponibles et couvrent de longues périodes (Flikkema et al. 2015), mais
elles sont également applicables dans tous les secteurs et pour les produits et services (S. J. H. Graham
et al. 2013; Millot 2009). Elles constituent également des mécanismes de protection formels et des droits
de propriété intellectuelle (WIPO 2020d). Les enregistrements de marques ont augmenté ces dernieres
années et dépassent, par exemple, les enregistrements de brevets a I’Office des brevets et des marques des
Etats-Unis (USPTO) (voir Figure F.1). Contrairement aux brevets, les marques nécessitent souvent une
introduction sur le marché, ce qui permet une perspective de diffusion. Elles sont applicables dans les
services et les secteurs de basse technologie. Dans I’ensemble, les marques commerciales présentent un
intérét pour la recherche sur I'innovation. Millot (2009), Mendonga et al. (2004), and S. J. H. Graham
and Hancock (2014) suggerent déja leur utilisation en tant qu’indicateur d’innovation, soulignant leur
capacité a couvrir non seulement I’innovation technique de produit mais aussi I’innovation de service, de
marketing ou de processus commercial.

Néanmoins, les marques présentent également des lacunes en matiere de recherche sur I’innovation :

* Le lien entre les marques et I’innovation n’est pas garanti. Contrairement aux brevets, 1’activité
inventive n’est pas une exigence lors de I’enregistrement d’une marque. Cela rend les marques
plus complexes en tant qu’indicateur d’innovation. Plusieurs auteurs étudient donc le lien entre
les marques et I’innovation : Seip et al. (2018) constatent que les marques sont enregistrées a
différentes étapes du processus d’innovation, en fonction de I’innovation a protéger. Mendonga
et al. (2004) affirment que les entreprises innovantes sont plus actives dans le dépot de marques
que dans le dépdt de brevets sur la base des résultats de la troisiéme enquéte communautaire sur
I’innovation (CIS 3). Flikkema et al. (2014) ont pu montrer dans leur enquéte que plus de 50

e Un autre défaut des marques est leur granularité limitée. En ce qui concerne les brevets, le systeme
de classification des brevets est treés sophistiqué et traite de divers domaines d’innovation. Le
systeme classe chaque brevet en fonction de son contenu technologique, ce qui permet des analyses
détaillées de domaines spécifiques et des relations entre ces domaines (WIPO 2020c). Le systeme
de classification des marques, en revanche, offre moins de possibilités d’analyse de I’innovation,
car les catégories sont plus larges et moins spécifiques. Pour plusieurs millions de marques, seules
45 classes NICE sont couramment disponibles (WIPO 2022a), contre plus de 75 000 catégories
dans le systeme des brevets (EPO 2022). Cela devient un défi lorsque 1’on utilise les marques pour
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Figure F.1: Développement annuel total des brevets USPTO délivrés et des marques déposées a ’'USPTO
entre 1978 et 2016.
Source : représentation personnelle basée sur les données de I’'USPTO.

des domaines d’innovation spécifiques, car cela implique que le niveau d’analyse reste général, ce
qui limite le niveau de granularité qui peut étre atteint.

Ainsi, deux défis doivent étre relevés : Premiérement, les marques ne couvrent pas toujours I’innovation,
et deuxieémement, la granularité de 1’analyse des marques basée sur les classifications actuelles reste
limitée. Premier défi Le rapprochement des marques et des brevets pourrait permettre de relever les défis
des marques en matiere d’innovation et de combler les lacunes des brevets. Contrairement aux marques,
les brevets couvrent toujours les inventions mais pas toujours I’innovation. Ensemble, ces mécanismes
de protection pourraient nous permettre de couvrir les inventions et de garantir leur application sur le
marché. En outre, les connaissances acquises sur les innovations technologiques basées sur les brevets
pourraient étre enrichies par les innovations dans les services ou les secteurs de faible technologie basées
sur les marques. Malmberg (2005) combinent les marques et les brevets dans I’industrie pharmaceutique
pour saisir les activités d’innovation. Ils constatent que les deux DPI sont liés aux activités d’innovation
dans le domaine, les marques couvrant les activités a court terme. Les auteurs suggeérent d’utiliser
les deux DPI pour obtenir des informations précieuses, mais ils soulignent également qu’il existe des
différences spécifiques a chaque secteur en ce qui concerne I’applicabilité des marques comme indicateur
d’innovation. Ribeiro et al. (2022) évalue la corrélation entre les marques et les brevets pour différents
secteurs. Les auteurs constatent que les marques commerciales sont particulierement intéressantes dans
les secteurs a faible brevetabilité ou dans lesquels les brevets ne sont pas appliqués, les services et
les pays moins développés. Leurs résultats indiquent que la combinaison des marques et des brevets
améliore la compréhension des secteurs technologiques et non technologiques. Méme si des analyses
conjointes des brevets et des marques peuvent étre utiles, 1’intégration des marques et des brevets n’est
pas simple. Une possibilité est 1’utilisation de tables de concordance pour combiner les marques et les
brevets. Zolas et al. (2017) associe les marques déposées a des données économiques basées sur la
concordance de mots-clés pour obtenir des informations sur le comportement des entreprises en matiere
d’exportation. L'utilisation de mots-clés permet déja une perspective plus détaillée sur les marques et
permet une perspective au niveau de la classe. Cependant, les auteurs soulignent la nécessité de recourir
a des approches supplémentaires si I’on souhaite obtenir une plus grande granularité. D’autres auteurs
comme Flikkema et al. (2015) inteégrent les brevets et les marques via les mémes entités juridiques qui ont
enregistré les différents DPI. Toutefois, cette approche se limite toujours aux liens directs entre les brevets
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et les marques. Les entreprises qui ne sont actives que dans le domaine des marques ou des brevets, mais
qui contribuent a un domaine d’innovation, a son développement et a sa diffusion, sont négligées. En
outre, il est difficile de combiner les avantages des différentes sources de données, car de nombreuses
informations sont perdues.

Le probléeme de la granularité limitée de 1’analyse des marques doit encore étre résolu. Les marques
fournissent des informations plus granulaires, contenant des descriptions de la demande de marque pour
les produits et les services. Ces descriptions sont des données textuelles qui peuvent €tre exploitées.
Les données peuvent fournir des informations détaillées sur les domaines d’application des marques et
les innovations qui sont protégées par des marques. L’analyse de texte couvre les techniques permettant
d’identifier des modeles a partir de données textuelles non structurées afin de générer des informations
axées sur les données (Aggarwal and Zhai 2012). Antons et al. (2020) plaident en faveur de I’application
de I’analyse textuelle pour améliorer les mesures existantes et en développer de nouvelles dans la recherche
sur I’innovation.

Les auteurs apprécient ou appliquent I’analyse des données textuelles pour diverses raisons :

* L’analyse textuelle permet I’analyse de grands ensembles de données : C’est pratique lorsque les
ensembles de données a analyser dépassent la quantité de données que les humains peuvent traiter
en un temps raisonnable. Ozcan et al. (2021) basent leur analyse sur 22 891 tweets de Twitter,
Larsen and Thorsrud (2019) utilisent 459 745 articles de journaux, ou Feng et al. (2020) appliquent
leur analyse sur 41 994 brevets. L’application de I’analyse textuelle a des données textuelles permet
de couvrir des quantités plus importantes. Plusieurs auteurs citent cet argument comme [’une
des principales raisons d’appliquer 1’analyse des données textuelles. (Loshin 2013; Antons and
Breidbach 2018; Bakhtin et al. 2020; Kayser 2017; J. Kim and C. Lee 2017; N. Kim et al. 2015;
Kohler et al. 2014; Shen et al. 2020; B. Wang and Z. Wang 2018; Zhu and Porter 2002).

* Lanalyse textuelle permet I’analyse de nouvelles sources de données : Les données textuelles étant
contenues dans diverses sources, il est possible d’inclure dans I’analyse des sources de données qui
ne pourraient pas €tre analysées avec des approches standard. Par exemple, Dahlke et al. (2021)
integre les besoins humains fondamentaux et les innovations pour évaluer comment les crises
fagonnent I’innovation. Les auteurs utilisent des descriptions de projets d’innovation extraites du
Web pour définir 1’état de I’innovation et les comparent a neuf besoins humains fondamentaux
décrits dans la littérature. J. Kim and C. Lee (2017) extraient des données futuristes de sites web
tels que Siemens, MIT technology review, ou la World Future Society pour extraire des sujets futurs
scientifiquement pertinents et les comparer a 1’état de I’art révélé dans les données de brevets. Ils
ont I’intention d’identifier les signaux faibles et d’extraire ainsi de nouveaux sujets. Mi et al.
(2021) tirent parti des données d’enquéte sur les personnes agées pour déterminer la demande
de gérontechnologie et comparent les informations obtenues aux rapports sur les technologies
émergentes et les brevets pour prévoir les tendances futures. Un dernier exemple est Fiordelisi
et al. (2019) qui utilisent les rapports 10-K des entreprises pour extraire des informations sur la
créativité des entreprises afin de mesurer I’impact sur la capacité d’innovation et la valeur des
entreprises. Les auteurs constatent que la culture créative favorise 1I’innovation. Ce ne sont la que
quelques exemples de la maniere dont les nouvelles sources de données révelent des informations
intéressantes a inclure dans les modeles économiques. Bien que I’analyse de texte offre davantage
de possibilités d’utilisation des données et que d’autres sources de données soient disponibles, les
brevets restent la source de données la plus utilisée. Cependant, la quantité de données textuelles
disponibles pour la recherche sur I’innovation est importante et augmente chaque année : Rien
qu’en 2020, plus de 2,6 millions de nouveaux articles de recherche ont été publiés sur Web of
Science (WoS 2021). Concernant les droits de propriété intellectuelle tels que les brevets, les
marques et les dessins et modeles, 304 126 brevets, 234 444 marques et 28 886 dessins et modeles
ont été enregistrés pour la seule année 2016 aux Etats-Unis, avec un total de 5 439 151 brevets
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enregistrés, 4 246 859 marques déposées et 527 902 dessins et modeles enregistrés de 1978 a
2016.".

» L’analyse textuelle permet de combiner différentes sources de données, ou d’utiliser des données
hétérogenes : Les barrieres imposées par la différence de structure des données de différentes
sources de données peuvent étre surmontées par 'utilisation du langage et des mots partagés.
Plusieurs auteurs en tirent parti : Bakhtin et al. (2020) combinent diverses sources de données
allant d’articles scientifiques, de brevets, d’actualités et de prix a des rapports analytiques avec le
traitement du langage naturel pour identifier les modeles émergents dans 1’agriculture et la produc-
tion alimentaire afin de fournir des idées aux gouvernements et aux entreprises pour les activités
de planification stratégique. Kayser (2017) integrent les médias aux résumés des publications via
des termes appariés pour une perspective de diffusion de I’innovation, tandis que Shen et al. (2020)
comparent le contenu textuel des groupes de brevets et de publications pour découvrir les oppor-
tunités de progres scientifique et d’innovation technologique dans les technologies de surveillance
intelligente de la santé. La combinaison de plusieurs sources de données peut ainsi révéler de
nouvelles perspectives, et I’analyse textuelle facilite cette intégration.

Un autre argument important dans ce contexte est le temps... d’analyse efficaces en termes de temps
(Bakhtin et al. 2020; Chiarello et al. 2021; Dahlke et al. 2021; Kayser 2017; J. Kim and C. Lee 2017;
Zhou et al. 2020; Zhu and Porter 2002), qui permettent d’obtenir des résultats rapides et donc des
déclarations rapides. Cela est particulierement important dans les domaines en évolution rapide ou de
nouvelles découvertes sont constamment publiées. En outre, I’extraction de connaissances basée sur
des données est pertinente, de sorte que les connaissances peuvent étre acquises indépendamment des
experts. (Bakhtin et al. 2020; Basole et al. 2019; Larsen and Thorsrud 2019; Mi et al. 2021; Shen et al.
2020; Song et al. 2017; Zhou et al. 2020). Cela réduit les préjugés des experts et permet a un plus grand
nombre de personnes de générer des connaissances. Dans I’ensemble, 1’application de I’ analyse textuelle
a la recherche sur I’innovation peut révéler des informations intéressantes. Des études ont été réalisées,
par exemple, sur le développement actuel de technologies comme les biocarburants (Curci and Mongeau
Ospina 2016) ou la blockchain (Chiarello et al. 2021), la diffusion de technologies comme le big data
dans la recherche scientifique (Y. Zhang et al. 2019) ou les sujets d’innovation a venir comme les batteries
ou les connecteurs de charge dans les véhicules électriques (Feng et al. 2020). L’analyse textuelle peut
également étre utilisée pour générer de nouvelles idées de domaines d’innovation en extrayant des idées
de sources publiques telles que Twitter (Ozcan et al. 2021) ou en identifiant des domaines prometteurs
en comparant les besoins des consommateurs aux technologies disponibles (Mi et al. 2021). Dans le
contexte des entreprises, I’analyse textuelle peut également révéler des informations sur la convergence
des entreprises (N. Kim et al. 2015) ou rendre la créativité des entreprises tragable (Fiordelisi et al.
2019).

Les divers arguments en faveur de I’analyse de texte la rendent également intéressante pour 1’analyse
des marques : De grandes quantités de marques sont disponibles pour I’analyse. Les données textuelles
des marques peuvent étre utilisées pour extraire des informations détaillées sur différents domaines
d’innovation et aspects de la diffusion. De plus, les données textuelles des marques nous permettent de
relier les marques a d’autres sources de données. La combinaison des marques avec différentes sources
de données peut étre intéressante pour saisir, par exemple, les services mais aussi le développement des
produits de maniere plus large. La combinaison pourrait étre réalisée textuellement entre les marques et
les brevets. Cela implique que des mots partagés entre les marques et les brevets relient les différents
droits de propriété intellectuelle. Cela permettrait également de surmonter les grandes différences entre
les systemes de classification disponibles dans les marques et les brevets. L’hypothese principale est
que la description d’une invention est similaire dans les différents droits de propriété intellectuelle,
mais que le domaine de protection et d’application change, avec un léger changement d’orientation en
ce qui concerne I’information transmise. Cela signifie que les brevets couvrent davantage les aspects

'Données propres basées sur Query A.1, Query A.1 et Query A.1
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technologiques, tandis que les marques mettent en lumiere 1’ application et la diffusion d’une invention sur
le marché. Dans cette these, c’est donc la combinaison des marques et des brevets qui nous intéresse en
premier lieu. Toutefois, les dessins et modeles sont également considérés comme une source de données
intéressante pour les domaines d’innovation qui accordent une grande importance a d’autres formes et
motifs. Les dessins et modeles sont appliqués pour protéger les nouveaux éléments ornementaux (WIPO
2021c). Comme les marques, les dessins et modeles ne sont pas actuellement inclus comme source de
données standard dans les analyses de I’innovation. Dans ce travail, ils sont inclus dans Chapter 5, car ils
présentent un intérét dans le domaine étudié. Comme les marques, ils pourraient contribuer a une mesure
plus précise de I’'innovation et fournir des informations intéressantes.

Les premieres tentatives d’utilisation des données textuelles des marques pour I’analyse ont été faites :
Flikkema et al. (2019) déduire des stratégies de marque de création, d’extension ou de modernisation
sur la base des noms de marque et de la couverture NICE. Positionnement de I’entreprise Semadeni
(2006) compare le libellé des demandes de marques de différentes entreprises afin de déterminer la
position relative des entreprises les unes par rapport aux autres. Le libellé des marques peut également
révéler la probabilité d’imitation des innovations de services (Semadeni and Anderson 2010). Méme s’il
existe quelques exemples d’utilisation des données textuelles des marques, 1’application de 1’analyse des
données textuelles n’est pas encore courante. Dans son apercu, Castaldi (2020) souligne que 1’accent est
encore mis principalement sur les données structurées et non textuelles des marques qui sont utilisées
pour I’analyse et que les informations sur les marques ne sont pas encore utilisées a leur plein potentiel.

En termes de combinaison, les données textuelles des marques et des brevets ont été combinées :
Des auteurs comme M. Lee and S. Lee (2017) utilisent les brevets des entreprises pour afficher les
connaissances technologiques et obtenir des détails sur le positionnement des concurrents sur le marché a
partir des descriptions des marques. H. Kim et al. (2017) font correspondre les brevets et les marques de
facon générale avec des mots-clés partagés entre les brevets et les marques pour découvrir comment les
connaissances technologiques peuvent étre appliquées sur le marché et identifier les domaines potentiels
de diversification. Les brevets fournissent ainsi la perspective de I’invention, tandis que les marques
commerciales révelent les domaines d’introduction de ces inventions sur le marché. Cependant, les
approches visant a combiner les sources de données se concentrent encore principalement sur les mots-
clés. Approches autres que les mots-clés La modélisation thématique est une autre méthode d’extraction
d’informations a partir de données textuelles qui prend en compte plus que les mots-clés des données
textuelles. La modélisation thématique est une approche permettant d’extraire les themes apparaissant
dans un ensemble de documents sur la base des mots contenus dans ces documents. Contrairement a
la correspondance basée sur les mots clés, la modélisation des sujets peut également tenir compte des
synonymes ou du contexte des mots. Des exemples d’applications dans le contexte de la recherche
sur I’innovation sont, par exemple, Basole et al. (2019), qui identifie les themes et les groupes dans
I’écosysteme entrepreneurial via la modélisation thématique et révele que les groupes d’entrepreneurs
ne sont pas seulement liés a I’industrie mais aussi a la similarité de leurs themes. Un autre exemple est
celui de Larsen and Thorsrud (2019), qui applique la modélisation thématique pour identifier les sujets
intéressants dans les articles d’actualité qui sont ensuite intégrés dans des modeles économiques pour
améliorer la prédiction des booms économiques.

Dans I’ensemble, les données textuelles des marques sont au centre de cette thése. Les informations dans
la description textuelle du domaine d’application des marques dans les biens et services pourraient fournir
une perspective plus large sur I’innovation car elles couvrent des domaines et des applications techniques
et non techniques dans les biens et services. Les données textuelles permettent en outre de combiner les
marques avec les brevets qui se composent principalement de données textuelles, telles que les résumés
qui résument le contenu ou les revendications de brevet qui couvrent les domaines protégés. L’analyse
des données textuelles des marques est une solution pour extraire plus d’informations des marques et
fournir simultanément une possibilité de combiner les marques avec d’autres sources de données. En
faisant cela, cette these étend la couverture de I’innovation avec I’inclusion textuelle des marques pour
fournir une perspective plus large sur I’innovation. La large couverture de 1’innovation soutient les
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recommandations politiques basées sur des données empiriques. Cependant, pour tirer profit du potentiel
des données textuelles des marques, les données doivent étre évaluées de maniere plus complete, et les
caractéristiques de la source de données doivent étre élaborées.

F.2 Questions de Recherche

Plusieurs aspects doivent étre considérés dans le contexte de cette these pour extraire les avantages des
données textuelles des marques pour la recherche sur I’innovation :

Les marques commerciales sont une source de données qui fournit, par exemple, une perspective sur
les services ou les domaines de basse technologie mais qui couvre également les domaines de
haute technologie. Les marques commerciales présentent toutefois I’inconvénient d’un lien peu
clair avec I’'innovation et de niveaux de détail limités pour des analyses sophistiquées.

Données textuelles peut fournir des informations détaillées et, en ce sens, offre une perspective sup-
plémentaire en combinaison avec les données structurées. En outre, comme les données textuelles
sont disponibles dans diverses sources de données, elles ont le potentiel de permettre de nouvelles
combinaisons de données et, par conséquent, de nouvelles idées tirées de ces combinaisons. Dans
le contexte des données textuelles, il reste toutefois a voir comment la possibilité de les analyser est
utilisée dans la recherche sur I’innovation. II est intéressant de savoir quelles méthodes et quelles
données sont utilisées pour répondre aux différentes questions de recherche.

Données textuelles des marques permet de combiner les marques avec d’autres sources de données,
offrant ainsi une perspective plus large sur I’innovation en général grace a I’inclusion des services
et de I’innovation de basse technologie dans les analyses. Toutefois, il convient de préciser en quoi
les textes des marques different, par exemple, des textes des brevets et, par conséquent, en quoi
ils apportent une valeur ajoutée. Les brevets pourraient fournir 1’étape inventive, tandis que les
marques garantissent I’application commerciale. Ainsi, la couverture de 1’innovation pourrait étre
assurée.

Innovation dans les données textuelles des marques n’est pas garanti. Certaines marques sont liées
a I’innovation, mais pas toutes. Par conséquent, il reste a déterminer comment cela affecte I’analyse
des données textuelles des marques et si les données textuelles des marques peuvent fournir des
indications intéressantes sur les activités dans les domaines de 1’innovation, ne serait-ce que pour
mettre en lumiere les aspects de diffusion.

Dans I’ensemble, la thése aborde ces aspects et entend conserver la force des marques tout en abordant
simultanément les limites de cette source de données en utilisant des données textuelles. Afin d’acquérir
une compréhension des marques et, dans ce contexte, de 1’analyse des données textuelles, la theése est
structurée comme suit : Dans Chapter 2, le contexte général de I’innovation, des brevets, des marques
et des dessins et modeles en tant que partie des droits de propriété intellectuelle et de la mesure de
I’innovation est donné. En outre, I’analyse des données textuelles en général et avec un accent sur la
principale méthode utilisée dans cette theése est présentée. Ces connaissances servent de base générale a
la these. Apres le Foundations, le Chapter 3 se concentre sur I’utilisation actuelle des données textuelles
pour la recherche sur I’innovation en général. Cette revue de la littérature fournit une compréhension
générale de 1’état de ’art des données textuelles, de leur analyse, des raisons d’appliquer I’analyse des
données textuelles et des domaines d’application potentiels dans la recherche sur I’innovation. Chapter 4
et Chapter 5 effectuent ensuite des analyses de données textuelles de marques en combinaison avec
d’autres sources de données. Chapter 4 se concentre sur la mani¢ére dont les marques et les brevets
peuvent €tre combinés efficacement pour donner une image plus large de I’innovation. Il évalue la
combinaison textuelle et la manicre dont les aspects de I’innovation sont couverts dans chaque source
de données, mais en se concentrant, en particulier, sur les marques. Les hypotheses sous-jacentes de ce
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chapitre sont que les perspectives sur les marques des données structurées et textuelles different et que les
données textuelles des marques contribuent généralement a une compréhension plus large de I’innovation.
L’analyse est effectuée sur la robotique et les chaussures en tant que représentants d’une haute technologie
et d’une basse technologie, respectivement. Les résultats obtenus servent de base a d’autres analyses de
I’innovation basées sur les données textuelles des marques. En revanche, Chapter 5 combine les brevets,
les marques et les dessins et modeles pour couvrir la transformation du secteur des instruments de
musique, qui passe d’une technologie faible a une technologie élevée, et met I’accent sur les entreprises.
Méme si I’on pourrait s’attendre a une augmentation des demandes de brevets dans le secteur en raison
de la pertinence croissante des instruments électroniques, les marques déposées sont le droit de propriété
intellectuelle pertinent dans le secteur, non seulement pour les instruments de musique classiques mais
aussi pour les instruments électroniques. L’analyse contribue a une meilleure compréhension de ce
phénomene en donnant un apercu de 1’application des droits de propriété intellectuelle dans le contexte
de la transformation technologique et du contexte de I’entreprise. La thése se termine dans Chapter 6,
ou des idées générales sont reflétées et discutées, en particulier concernant les données textuelles des
marques, et la conclusion principale de la thése est tirée. En général, le travail contribue a une meilleure
compréhension des données textuelles des marques. Il met en lumiere les données textuelles dans la
recherche sur I’innovation dans son ensemble, la contribution des marques combinée a d’autres sources
de données et utilise les connaissances acquises pour répondre a des questions économiques.

Pour la structure générale de la these, on peut donc dire que les chapitres commencent par une perspective
générale sur les données textuelles et deviennent plus spécifiques au cours de la these : La these
se concentre d’abord sur les données textuelles en général, puis examine les données textuelles des
marques par rapport aux brevets avant de finalement appliquer les connaissances acquises pour évaluer
la transformation technologique concernant 1’utilisation des droits de propriété intellectuelle, couvrant
les brevets, les marques et les modeles. La structure de la theése est représentée graphiquement dans
Figure F.2. Ici, les contours des boites, de couleur commune, indiquent les aspects partagés entre les
différents chapitres de la these. La légende se trouve a gauche.

Domaines/ secteurs d’innovation : Tous les chapitres couvrent différents aspects de 1’innovation (en
jaune). Le chapitre de la fondation fournit les aspects généraux de 1’innovation et de sa mesure.
L’examen dans Chapter 3 n’est pas limité a un domaine ou a un secteur d’innovation. Il suffit que les
articles de I’échantillon soient publiés dans un secteur d’activité ou un domaine économique, qu’ils
traitent de I’innovation et qu’ils utilisent des données textuelles. Chapter 4 compare la robotique,
secteur de haute technologie, et les chaussures, secteur de basse technologie, afin d’obtenir des
informations généralisables. Enfin, Chapter 5 se penche sur la transformation des instruments de
musique, qui couvre les aspects des applications de basse et haute technologie dues aux instruments
de musique classiques et électroniques.

Droits de propriété intellectuelle : Les droits de propriété intellectuelle (violet) avec un accent sur les
marques sont présents dans toutes les parties de la thése. Le chapitre de la fondation présente le
contexte des droits de propriété intellectuelle et notamment les brevets, les marques et les dessins
et modeles et la mesure de I’innovation, ainsi qu'une introduction a la méthode d’analyse des
données textuelles appliquée dans cette thése. Dans Chapter 3, les propriétés intellectuelles ne sont
qu’indirectement considérées comme faisant partie des sources de données textuelles utilisées dans
certaines des publications analysées. Les marques et les brevets sont ensuite évalués de pres dans
Chapter 4 et Chapter 5 avec 1’ajout des dessins dans ce dernier. Cependant, la thése se concentre
principalement sur les marques.

Données textuelles : Les données textuelles (en vert) et leur analyse sont pertinentes dans tous les
chapitres. L’analyse des données textuelles est décrite dans le chapitre de la fondation. Cette
these utilise la modélisation thématique structurelle développée par Roberts et al. (2019). La
modélisation des sujets est une technique d’analyse de texte qui permet de déduire des sujets
a partir d’un grand nombre de documents textuels. La modélisation thématique structurelle est
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Innovation Areas and their
Integration

Textual Data Sources used
for the Analyses

Figure F.3: Perspective intégrée sur les chapitres de recherche.
Le triangle en jaune représente 1’étendue des domaines d’innovation couverts. Le triangle en vert
représente I’étendue des sources de données utilisées.

une approche spécifique de modélisation thématique qui identifie les themes dans les documents
existants en tenant compte d’informations supplémentaires (voir plus de détails dans Section 2.4).
Chapter 3 analyse les articles publiés en utilisant des données textuelles dans la recherche sur
I’innovation. Les articles de 1’échantillon ne sont pas limités a une source de données spécifique.
Chapter 4 analyse ensuite les brevets et les marques déposées, tandis que Chapter 5 inclut en plus
les dessins et modeles dans I’analyse.

Figure F.3 offre une perspective intégrée des chapitres. Au cours de la theése, les domaines d’innovation
couverts sont réduits pour augmenter la concentration, le niveau de détail et I’intégration de la haute et de
la basse technologie (triangle en jaune). Les domaines sont les plus larges dans 1’analyse documentaire
de Chapter 3, ou toutes sortes de domaines en relation avec I'innovation et les données textuelles sont
évalués. Dans Chapter 4, la robotique de haute technologie et les chaussures de basse technologie sont
analysées comme des domaines d’innovation. En revanche, les aspects de haute et de basse technologie
des instruments de musique sont considérés conjointement dans Chapter 5. Le triangle en vert représente
I’ampleur des sources de données utilisées pour les analyses dans chaque chapitre, qui augmente au cours
de la these. Au début, les publications sont considérées, suivies d’une analyse conjointe des marques et
des brevets, et enfin d’une analyse conjointe des brevets, des marques et des dessins et modeles.

Le reste de la these se déroule comme suit : Tout d’abord, des informations supplémentaires sur
I’innovation, les droits de propriété intellectuelle, les mesures de I’innovation et I’analyse des don-
nées textuelles sont fournies dans le chapitre Chapter 2. Dans le chapitre Chapter 3, des informations
sur les données textuelles dans la recherche sur I’innovation sont fournies avant de réaliser différentes
analyses sur les données textuelles des marques dans les chapitres 4 et 5. Enfin, les résultats de la these
sont résumés, et les sujets généraux sont discutés avant de conclure avec les principales contributions de
la these dans Chapter 6.
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F.3 Résumé et Contribution

Cette these a couvert divers aspects des données textuelles des marques dans le contexte de la recherche sur
I’innovation. Avant de conclure cette these, un résumé de chaque chapitre est fourni dans Section 6.1 suivi
d’une discussion. La discussion se concentre sur les connaissances acquises sur les données textuelles
des marques a partir de I’examen conjoint des différents chapitres. La thése se conclut dans le chapitre
Section 6.3.

La theése évolue autour de I'utilisation des données textuelles des marques dans la recherche sur
I’innovation. Afin de capturer I’innovation au sens large et de couvrir en particulier 1’innovation de
service et I’'innovation dans les domaines de basse technologie, cette these a examiné les marques comme
indicateur d’innovation. Afin de combiner les marques avec d’autres sources de données et d’augmenter
le niveau de détail des analyses, les données textuelles des marques ont été évaluées.

Apres avoir présenté des informations générales sur 1’innovation, les droits de propriété intellectuelle,
la mesure de I'innovation et 1’analyse des données textuelles dans Chapter 2, Chapter 3 fournit une
perspective générale sur I'utilisation des données textuelles dans la recherche sur I’innovation. Chapter 4
compare ensuite les brevets et les marques déposées du point de vue des données textuelles dans Robotics
et Footwear. Les sources de données sont évaluées en fonction de leur couverture des produits, des
services et de I’innovation technique. Chapter 5 applique les connaissances acquises dans les chapitres
précédents et les utilise pour mesurer la transformation technologique sur la base des données textuelles
des brevets, des marques et des dessins et modeles dans les instruments de musique. Il fournit également
des informations sur I’implication des différentes entreprises dans la transformation.

Des détails supplémentaires sur chaque chapitre sont fournis dans ce qui suit :

Chapter 3 fournit un apercu général de I’ utilisation actuelle des données textuelles dans la recherche sur
I’innovation. La motivation a appliquer 1’analyse des données textuelles, les sources de données
utilisées, la méthodologie appliquée et les réponses aux questions de recherche basées sur les
données textuelles présentent un intérét particulier. Ce chapitre contribue a une meilleure com-
préhension des données textuelles dans la recherche en innovation et des différentes méthodologies
appliquées. Dans le contexte de la theése, une vue d’ensemble des méthodes d’analyse de texte
est donnée, ce qui permet de mieux comprendre I’analyse de texte. A cette fin, les articles des
domaines de 1I’économie et des affaires qui contiennent le texte et I’innovation dans le titre ou le
résumé sont considérés. L’ensemble de données est successivement réduit sur la base des mots-clés
fournis par les auteurs et d’une analyse intensive des résumés. L’échantillon final se compose de
23 articles qui sont liés a I’innovation et aux données textuelles.

La plupart des articles ont été publiés dans des revues connues sur la politique de I’innovation, et un
tiers était dans un domaine spécifique. La plupart des auteurs apprécient la possibilité d’analyser de
grands ensembles de données textuelles d’une maniere objective, axée sur les données et efficace en
termes de temps. Les données textuelles servent de source de données pour des analyses temporelles
et pour détecter des opportunités ou découvrir des informations cachées. Les sources de données
utilisées sont principalement les brevets et les publications. Les autres sources de données sont
les articles d’actualité, les médias sociaux ou les documents de I'entreprise. La plupart des
articles de 1’échantillon se concentrent sur une seule source de données, tandis que six articles
combinent plusieurs sources de données pour répondre a leurs questions de recherche, y compris
des informations sur, par exemple, la culture de I’entreprise, le retour d’information des clients et
la réaction du public dans les analyses de I’innovation. Les combinaisons comprennent toujours
soit des brevets, soit des publications. Onze articles appliquent des algorithmes de clustering,
notamment pour I’exploration et I’identification des sujets, tandis que trois articles appliquent des
méthodologies de classification pour identifier les idées ou les entreprises innovantes. Pour la mise
en grappes, on utilise notamment 1’allocation latente de Dirichlet (LDA), qui est une approche de
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modélisation des sujets : (Blei et al. 2003). Diverses questions de recherche sont abordées : L'un
des principaux domaines de recherche abordés est la découverte et 1’exploration des technologies,
principalement sur la base de la modélisation des themes. D’autres domaines sont la convergence
industrielle et les régions, la trajectoire et la diffusion de I’innovation, et I’émergence de nouveaux
sujets ou la génération d’idées.

Ce chapitre permet de comprendre I’état actuel de I’analyse des données textuelles. Il contribue
a ’application de I’analyse des données textuelles dans la recherche sur I’'innovation. Il met en
évidence les domaines de recherche potentiels qui bénéficient de I’ utilisation des données textuelles
: Les analyses textuelles permettent d’analyser des sources de données textuelles et de combiner
différentes sources de données via le langage. En raison de leur implication réduite des experts,
I’objectivité augmente. L’analyse des données textuelles devient plus rapide et plus facile avec
I’utilisation de méthodes basées sur le texte, permettant une répétition réguliere. Les méthodologies
peuvent étre utilisées pour une variété d’objectifs. La plupart du temps, elles sont utilisées pour
identifier des sujets ou des tendances émergentes et les rendre visibles. Dans I’ensemble, I’examen
révele que la recherche sur les données textuelles dans 1’innovation peut apporter une perspective
supplémentaire. Jusqu’a présent, 1’analyse des données textuelles reste essentiellement descriptive,
mais il existe des concepts permettant d’utiliser les informations obtenues dans une analyse plus
approfondie.

Chapter 4 combine les données textuelles des brevets et des marques et évalue comment les aspects de
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I’innovation sont couverts dans chaque source de données, en se concentrant particulierement sur
les marques. Contribution Ce chapitre contribue a une meilleure compréhension de I’application
des données textuelles des marques et de la combinaison de cette source de données avec les brevets.
Cela permet d’autres analyses de 1’innovation basées sur les données textuelles des marques. Ce
chapitre aborde deux questions de recherche :

RQ4.1: Les marques et les brevets peuvent-ils étre combinés via leurs données textuelles a un
niveau détaillé ?

RQ4.2 : La combinaison textuelle des marques et des brevets apporte-t-elle de nouvelles perspec-
tives a la discussion sur I’innovation ?

Pour répondre aux questions de recherche, les marques et les brevets sont combinés textuellement
avec la modélisation thématique structurelle de Roberts et al. (2019). La robotique et les chaussures
sont analysées en tant que représentants de la haute technologie et de la basse technologie, respec-
tivement. Les résultats sont analysés en termes de combinaison textuelle et d’apercus obtenus. Par
conséquent, des hypotheses générales sont tirées de la littérature sur I’innovation dans les marques,
les marchés, les services et la technologie.

L’estimation du modele est utilisée pour analyser la robotique et les chaussures. Dans le cas de
la robotique, par exemple, 115 sujets sont estimés sur la base de I’ensemble des données fournies
au modele. Comme on peut le voir dans Figure F.4, les sujets ont des probabilités d’occurrence
différentes dans chaque source de données. Les barres vertes affichent les sujets dont I’occurrence
dans les brevets est significative, tandis que les barres bleues affichent les sujets dont I’occurrence
dans les marques est significative. Les barres grises n’ont pas d’occurrence claire dans les deux
sources de données. Au cours des analyses, les différents thémes dans les marques, les brevets et
aucun des deux sont évalués. La cohérence interne des themes est ainsi considérée, ce qui implique
que les mots généraux du theme et les documents qui y sont liés doivent étre compréhensibles pour
I’observateur humain. La relation entre le sujet et les systemes de classification officiels ainsi que
I’importance du sujet dans le temps sont également pris en compte. L’analyse est répétée pour
les chaussures, avant que les résultats ne soient combinés et évalués par rapport aux questions de
recherche.

La premiere question porte sur la possibilité de combiner textuellement les brevets et les marques :
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Figure F.4: Apercu du modele avec 115 sujets en robotique.
La figure présente une vue d’ensemble des 115 sujets de la robotique. Les sujets sont affichés en
fonction de leur part relative dans I’ensemble des données et classés par ordre décroissant. La
couleur indique le type de document qui est significatif pour le sujet, avec un intervalle de confiance
de 95% (Figure C.2). En cas d’absence de signification, la coloration de la barre est maintenue
en gris. La légende de droite indique le numéro du sujet et les cinq mots ayant la probabilité
d’occurrence la plus élevée dans le sujet.
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RQ4.1: Les marques et les brevets peuvent-ils étre combinés via leurs données textuelles a un

niveau détaillé ?

En termes de combinaison et de themes cohérents, 1’analyse a donné des résultats mitigés
: En robotique, la combinaison textuelle des marques et des brevets a donné des résultats
cohérents. Ils étaient en accord avec les classifications des brevets et des marques mais
fournissaient une perspective plus détaillée. Les brevets soulignent I’invention et les aspects
techniques, tandis que les marques ajoutent des détails et couvrent principalement les do-
maines d’application. Pour I’analyse des marques, 1’approche relie davantage les thémes des
marques au systeme de classification des brevets, ce qui permet une meilleure interprétation
des marques. Globalement, les données textuelles des marques ont amélioré 1’analyse et
fourni des informations sur des domaines supplémentaires. Les chaussures sont un domaine
de faible technologie avec moins d’inventions et d’applications technologiques. Cela a pu étre
observé dans 1’analyse textuelle : Seul un petit nombre de brevets par rapport aux marques
était disponible. De plus, les marques se concentraient principalement sur plusieurs articles
d’habillement plutdt que sur des technologies innovantes. Les marques commerciales ne
couvraient que peu d’informations sur les inventions pour générer des sujets cohérents ; ainsi,
la combinaison des brevets et des marques commerciales n’était que partiellement cohérente.
Les résultats dans les domaines de la robotique et de la chaussure ont donc fourni des résultats
différents. Il est apparu que la structure textuelle des marques différait entre la robotique et
les chaussures : En Robotique, les descriptions des marques sont généralement plus détaillées
avec des informations sur le produit, le but du robot et les aspects de la protection. De plus,
un niveau de détail croissant est observable au fil du temps. Les descriptions de marques dans
le domaine des chaussures sont moins spécifiques et détaillées que celles de la robotique.
Les descriptions de marques des sujets avec des résultats cohérents dans les Chaussures
ont montré une structure textuelle similaire a celles de la Robotique. Le niveau de détail
disponible soutient le modele dans ses calculs. En général, le niveau de détail disponible
dans les descriptions de marques differe selon le domaine d’innovation examiné et la période
couverte. Les marques commerciales comportant un degré élevé d’informations techniques
contiennent des informations similaires a celles des brevets, tandis que les marques com-
merciales comportant moins d’aspects technologiques et d’innovation s’écartent des brevets.
Les textes de marque capturent donc les activités d’innovation et fournissent une perspective
détaillée. Toutefois, le niveau de détail est spécifique au secteur ou au domaine d’innovation.
Il convient d’en tenir compte lorsque les données textuelles des marques sont utilisées pour
analyser I’'innovation.

RQ4.2 : La combinaison textuelle des marques et des brevets apporte-t-elle un nouvel éclairage a

la discussion sur 'innovation ?

La deuxiéme question se concentre sur les connaissances supplémentaires apportées par la
combinaison. Des hypothéses générales sur les sources de données sont extraites de la
littérature pour évaluer les informations supplémentaires. Celles-ci sont que les marques
couvrent I’innovation, plus les innovations liées aux services ou au marché, et que les brevets
fournissent des informations sur I’innovation technique. Ces hypotheses sont remises en
question car tous les résultats ne sont pas forcément reproductibles sur la base de données
textuelles. Par exemple, une différence dans la couverture des services pourrait ne pas étre
observable textuellement. Les informations relatives aux services peuvent également étre
couvertes par les données textuelles des brevets, ou aucune description supplémentaire des
services peut étre fournie dans les textes des marques. Par conséquent, il est nécessaire
de comprendre la contribution des données textuelles des marques par rapport aux brevets.
Les différentes hypotheses sont évaluées par rapport aux résultats de I’analyse des données
textuelles et révelent ce qui suit :

Marques et innovation : Le lien entre les marques et I’innovation est observable dans les
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données textuelles. Cependant, un certain degré technologique est nécessaire pour
combiner les marques et les brevets et pour générer des sujets dans les marques ou des
informations supplémentaires sur I’innovation sont disponibles.

Marché et produits : En robotique, les marques assurent la perspective de marché des inven-
tions couvertes par les brevets. Le marché et I’application du produit étaient également
couverts par les brevets, mais pas en tant qu’objectif principal. Les brevets ont aidé a
interpréter et a regrouper les marques, car le systeme de classification des brevets four-
nissait des détails plus structurés que le systeme de classification des marques. Dans le
secteur de la chaussure, les marques n’ont fourni la perspective de I’introduction sur le
marché que dans le cas de sujets cohérents. Les marques étaient principalement axées sur
les produits finis sans autres détails sur leur invention. Ici, I’avantage de la combinaison
et des données textuelles des marques pour la recherche sur I’innovation doit €tre remis
en question. En général, les marques couvrent plus de produits finis et la perspective du
marché. Elles peuvent ajouter la perspective du marché et du produit dans I’analyse de
I’innovation, tandis que les brevets se concentrent plus en détail sur les inventions qui les
sous-tendent.

Services : Des informations sur les services ont pu étre obtenues a partir des deux sources de
données, avec une plus grande représentation dans les marques. Les services comme le
divertissement ou I’éducation sont plus présents dans les marques. Les services avec une
composante technique sont également observables dans les brevets comme la robotique
de service ou les abonnements de chaussures, ce qui est en accord avec les résultats de
Blind et al. (2003). L’inclusion des marques a fourni des informations supplémentaires
sur les services et a mis en évidence les domaines de services de la robotique ou des
chaussures.

Innovation technique : Les themes des brevets dans les domaines de la robotique et des
chaussures couvrent des aspects techniques et se concentrent sur les fonctions ou les
composants. Dans le domaine de la robotique, les marques apportent des informations
techniques détaillées sur divers sujets, indépendamment des DPI importants. Dans le
secteur des chaussures, les détails techniques sont fournis principalement par les brevets
et rarement par les marques. En général, les descriptions de brevets fournissent toujours
plus d’informations techniques que les marques. Les descriptions de marques couvrent
néanmoins des aspects techniques, mais leur étendue dépend fortement du domaine
d’innovation considéré, et le niveau de détail est inférieur a celui des brevets.

Les hypotheses de la littérature s’appliquent donc, en général, également aux données
textuelles des marques et des brevets. En termes d’informations supplémentaires, les mar-
ques peuvent donc contribuer a la couverture de I’innovation. La qualité des résultats dépend
fortement du domaine d’application analysé et des marques couvertes dans I’ensemble de
données.

Dans I’ensemble, la combinaison des marques et des brevets a révélé que les sources de données
peuvent étre combinées a un niveau détaillé et que cette combinaison permet de mieux comprendre
le débat sur I’innovation. Etant donné que le champ d’analyse a un impact important sur la qualité
des résultats, il faut tenir compte du champ d’analyse. Ce chapitre contribue a une meilleure
compréhension des données textuelles des marques en tant qu’indicateur d’innovation - en général
et pour des domaines d’innovation spécifiques de basse et haute technologie. En outre, le chapitre
souligne le potentiel de la combinaison des marques et des brevets et les différences entre ces deux
sources de données textuelles en matiere d’innovation. Les connaissances acquises servent de
base a d’autres analyses de 1’innovation basées sur les données textuelles des marques, notamment
dans le cadre d’une analyse conjointe avec les brevets, qui peuvent étre utilisées pour améliorer les
mesures existantes de 1’innovation.
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Figure F.5: Enregistrement des documents relatifs aux instruments de musique par année et type
d’instrument de musique.
Les chiffres montrent 1’évolution annuelle des enregistrements de documents, différenciés pour les
instruments de musique classiques ou électroniques.

Chapter 5 évalue la transformation technologique des instruments de musique et I’implication des prin-
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cipales entreprises dans cette transformation grace a une analyse textuelle conjointe des brevets,
des marques et des dessins et modeles. Le secteur des instruments de musique combine des aspects
de basse technologie et de haute technologie. Il s’agit d’un secteur avec, d’une part, une longue tra-
dition et des produits de faible technologie tels que les instruments de musique classiques. D’autre
part, il s’agit d’un secteur qui connait une transformation technologique grace a I’électrification et
a la numérisation des instruments de musique. Méme si les instruments de musique deviennent de
plus en plus techniques, les enregistrements de marques dépassent les enregistrements de brevets
et de modeles (voir Figure E.5).

Pour les instruments de musique, la protection des brevets, des marques et des modeles est appliquée.
Pour comprendre la transformation, les entreprises concernées et 1’ utilisation des droits de propriété
intellectuelle, le chapitre combine des données textuelles sur les brevets, les marques et les dessins
et modeles dans les instruments de musique afin d’obtenir une large couverture de la transformation
technologique et d’évaluer un changement d’utilisation des DPI concernant cette transformation et
les entreprises concernées.

Ainsi, I’analyse fournit une perspective plus large sur la transformation, les entreprises et 1’application
de différents droits de propriété intellectuelle (DPI). L’analyse est séparée en deux parties : La
partie I se concentre sur le secteur en général, et la partie II inclut les principales entreprises dans
la discussion. Les questions connexes sont les suivantes :

RQ5.1: Quelle est la nature de la transformation du secteur, qui est passé d’un secteur a faible
technologie a un secteur a faible et haute technologie ?

RQ5.2 : Comment la transformation est-elle liée a 1’utilisation des DPI ?

Les questions de recherche connexes du point de vue des entreprises sont les suivantes :

RQ5.3 : Qui contribue a la transformation ?
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RQ5.4 : Comment cela se rapporte-t-il a I’utilisation des DPI ?

Les différents droits de propriété intellectuelle servent de base a I’analyse. Leurs données textuelles
fournissent un apercu de la transformation basé sur le contenu. A cette fin, les sources de données
sont combinées textuellement et les themes de 1’ensemble des données sont extraits a 1’aide de
la modélisation thématique structurelle de Roberts et al. (2019). Sur la base de 1’estimation des
themes, des réseaux peuvent étre formés avec les themes comme nceuds et les cooccurrences de
themes comme liens. Les réseaux sont analysés a la recherche de modeles liés au changement
en cours. Dans I’analyse sectorielle, la pertinence de I'utilisation des DPI, les différents types
d’instruments de musique et les instruments de musique classiques par rapport aux instruments
électroniques sont évalués, et les changements dans le temps sont pris en compte. Du point de vue
des grandes entreprises, le réseau thématique est ensuite enrichi d’entreprises, ce qui permet de
construire un réseau entreprises-sujets.

La perspective sectorielle révele que le secteur des instruments de musique s’est transformé, passant
de la fourniture d’instruments de musique classiques a celle d’instruments électroniques et a la
numérisation. Par exemple, Figure F.6a affiche le réseau thématique de 1986 a 1990 d’un point
de vue sectoriel, tandis que Figure F.6b affiche la situation de 2011 & 2015. Comme on peut le
constater, les themes relatifs aux instruments de musique classiques ont diminué, passant de 59 a 46
nceuds, tandis que les themes électroniques ont augment€ au fil du temps. Les themes électroniques
sont couverts par des brevets ainsi que par des marques. Les dessins et modeles relient les themes
relatifs aux brevets et aux marques. Les thémes couverts évoluent vers des aspects numériques tels
que la création sonore, le mobile et les jeux. Avec la transformation technologique, 1’utilisation des
droits de propriété intellectuelle a changé. Chaque type de DPI fournit des informations différentes
: Les sujets électroniques ou les sujets liés aux données sont pertinents dans les brevets mais le
sont aussi de plus en plus dans les marques. Les dessins et modeles sont un intermédiaire entre les
brevets et les marques et couvrent souvent des sujets similaires a ceux des marques. L utilisation
des DPI a évolué au fil du temps, les marques devenant plus importantes pour les instruments de
musique électroniques et couvrant les aspects numériques de la création de sons numériques, des
mobiles et des jeux.

La perspective de I’entreprise se concentre sur les grandes entreprises a intervalles de cinq ans entre
1986 et 2015 et les classe en fonction de leurs antécédents. Ces entreprises sont les principaux
demandeurs de droits de propriété intellectuelle, tous DPI confondus. Figure F.7 affiche les 87
themes en relation avec les principales entreprises de 1986 a 2015. L’analyse révele que Iorigine
des entreprises contribuant a la transformation change au fil du temps, des entreprises d’origines
diverses contribuant a la transformation du secteur. Au début, les producteurs d’instruments de
musique étaient principalement actifs. Au fil du temps, des entreprises de matériel et de logiciels,
des détaillants et des développeurs de jeux sont entrés dans le secteur. Leurs sujets étaient
principalement liés au calcul, a la signalisation, a la capture de la voix et au traitement des données.
La transformation et 1’évolution technologique sont donc également le fait d’entreprises qui ne
sont pas directement impliquées dans la production d’instruments de musique. L’utilisation des
DPI se recoupe avec les antécédents des entreprises. Les entreprises de logiciels et de matériel
informatique sont davantage liées aux thémes des brevets, tandis que les entreprises de jeux et
de vente au détail sont proches des themes des marques. Le positionnement des producteurs
d’instruments de musique dépend du degré d’électrification de leurs instruments. Certains se
positionnent plus pres des themes liés aux brevets, tandis que la plupart se situent dans les domaines
des marques ou du design. Les résultats sont conformes a la perspective sectorielle.

Dans I’ensemble, 1’électrification et la numérisation des instruments de musique est un effort com-
biné des entreprises de matériel, de logiciels et de jeux qui conduisent a de nouveaux développe-
ments dans le secteur et des producteurs d’instruments de musique qui introduisent I’électrification
dans leurs instruments. Ce chapitre montre que la transformation technologique est saisie par
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(a) Réseau de rubriques d’instruments de musique différencié pour les instruments de
musique électroniques et classiques de 1986 a 1990
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Figure F.6: Réseau de themes d’instruments de musique différenciés pour les instruments de musique
électroniques et classiques.
Les réseaux présentent les relations thématiques entre 1986 et 1990 et entre 2011 et 2015, différen-
ciées selon les types de DPI et les instruments de musique électroniques ou classiques. Les nceuds
représentent les sujets, tandis que les liens représentent la probabilité de cooccurrence de ces sujets.
La taille des nceuds représente la proportion de sujets. Les types de DPI sont indiqués par la forme
des nceuds, tandis que I’information sur les instruments de musique est donnée par la couleur des
nceuds. Un bleu intense signifie que le sujet est fort en instruments de musique électroniques et
vice versa pour les instruments de musique classiques en rouge. Les arétes indiquent la force de
la corrélation. Les couleurs claires ont une corrélation plus faible que les couleurs foncées. Dans
Figure F.6a, 59 nceuds sont plus liés aux instruments de musique classiques que 28 nceuds aux
sujets électroniques. Dans Figure F.6b 46 nceuds concernent davantage les instruments de musique
classiques, contre 41 nceuds pour les sujets électroniques.
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I’utilisation combinée de différents droits de propriété intellectuelle. En particulier, I’'inclusion des
marques déposées ajoute a I’analyse des aspects supplémentaires tels que les jeux. L'utilisation
de I’analyse textuelle a permis de découvrir des sujets liés & la transformation et a différentes
entreprises. Cela a permis une analyse différenciée de la transformation. D’un point de vue
méthodologique, le réseau firms-topics-network permet de mieux comprendre le positionnement
des entreprises en général. Le chapitre contribue a une meilleure compréhension de I’application
des droits de propriété intellectuelle dans le contexte de la transformation technologique et des
entreprises concernées. Une transformation technologique est en cours dans le secteur des instru-
ments de musique et dans d’autres secteurs, notamment grice a la numérisation. La méthodologie
du chapitre peut étre appliquée pour mieux comprendre la transformation des différents secteurs, car
elle couvre non seulement les aspects de haute technologie mais aussi ceux de basse technologie,
et pour évaluer les entreprises a un niveau plus détaillé.

F.4 Remarques Générales sur la These

Chaque chapitre de la thése se concentre donc sur des aspects différents. Cependant, les chapitres
sont reliés par divers éléments. Tous les chapitres traitent de 1’innovation et de différents domaines
d’innovation (voir Figure F.8). L’étendue des domaines d’innovation (voir triangle jaune) couverts est
la plus large dans le chapitre Chapter 3, car ici, tous les domaines d’innovation sont pris en compte a
condition que des données textuelles soient utilisées pour 1’analyse de I’innovation. Chapter 4 couvre
la robotique et les chaussures, alors que la premiere représente un domaine de haute technologie et la
seconde un domaine de basse technologie. Dans le document Chapter 5, le secteur des instruments
de musique est évalué comme un secteur dans lequel une transformation technologique a lieu et ou les
aspects de basse et de haute technologie sont pertinents. Parallelement a une diminution de la part du
domaine d’innovation, 1’intégration augmente. Dans Chapter 4, les hautes et basses technologies sont
analysées individuellement puis comparées pour la robotique et les chaussures, tandis que les aspects de
basse et haute technologie sont analysés conjointement dans les instruments de musique. Les sources
de données utilisées (voir triangle vert) au cours de la theése se diversifient. Dans un premier temps, la
recherche est basée sur un échantillon de publications relatives aux données textuelles dans la recherche
sur I’innovation. Dans le Chapter 4 suivant, les données textuelles des brevets et des marques sont
utilisées comme base d’analyse et les contenus textuels des diftérentes sources de données sont comparés
les uns aux autres. Enfin, dans Chapter 5, les brevets, les marques et les dessins et modeles sont utilisés
conjointement pour fournir une large couverture des innovations dans les instruments de musique et les
themes dérivés de I’analyse sont utilisés pour identifier des modeles généraux. Figure F.8 fournit une
perspective intégrée des chapitres. Les aspects communs sont colorés en conséquence.

F.5 Discussion

Si I'on consideére I’ensemble des chapitres, certains aspects généraux restent a discuter. La thése a
commencé par la nécessité d’une perspective d’innovation plus large pour couvrir les domaines de basse
technologie et les services non couverts par les brevets. Les marques déposées ont été traitées comme
une source de données alternative pour fournir cette perspective. La combinaison des marques avec les
brevets et les dessins et modeles a été proposée sur la base de données textuelles, en supposant que
celles-ci offrent la possibilité de combiner plusieurs sources de données et une perspective plus large sur
I’innovation et les services de basse technologie. Les données textuelles ont été prétraitées et combinées
tout au long de la thése a I’aide de la modélisation thématique structurelle. Les analyses ont révélé
plusieurs points forts de 1’approche mais aussi des défis qui doivent encore étre relevés :
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Innovation Areas and their Integration

All Areas
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Figure F.8: Résumé de la perspective intégrée sur les chapitres de recherche

Le triangle en jaune représente 1’étendue des domaines d’innovation couverts. Le triangle en
vert représente 1’étendue des sources de données utilisées. La couleur gris foncé des cases dans
Chapter 3 indique qu’aucun domaine d’intérét spécifique n’est couvert. L’analyse documentaire
couvre un échantillon de publications. Cependant, les données textuelles appliquées dans ces
publications utilisent des données textuelles provenant de diverses sources de données. Les cases
ovales sont colorées en bleu foncé ou en rouge. Le bleu foncé concerne les hautes technologies,
tandis que le rouge concerne les aspects de basse technologie. Les droits de propriété intellectuelle
ont un contour de forme violette. Les brevets ont un contour vert, les marques un contour bleu
clair et les dessins un contour rouge clair. La coloration des cases a été maintenue tout au long de
la these en termes de brevets, marques, dessins et modeles, haute technologie et basse technologie
afin de permettre une compréhension commune tout au long des chapitres.

Marques : Les données sur les marques fournissent non seulement des informations sur les services mais
aussi sur les domaines technologiques. Cela est devenu évident dans le domaine de la robotique, ol
les marques contiennent également des informations détaillées sur les innovations. Dans le domaine
des instruments de musique, les marques ont présenté des aspects de la numérisation tels que le
mobile, la conception de sons numériques et les jeux. Il est intéressant de noter que le contexte
des entreprises est plus déterminant pour I’application des DPI que les aspects technologiques. On
aurait pu s’attendre a ce que tous les aspects de haute technologie se retrouvent davantage dans
les brevets. Cependant, les entreprises spécialisées dans les logiciels et le matériel informatique
sont actives dans le domaine des brevets, tandis que les entreprises spécialisées dans les jeux vidéo
sont actives dans le domaine des marques. Dans ce cas, des recherches supplémentaires sont
nécessaires pour déterminer les différences qui expliquent ce comportement. Une raison pourrait
étre la rapidité du développement dans le secteur des jeux et I’importance du marketing et de la
proximité du client.

Données textuelles : Les données textuelles ont permis d’analyser divers domaines d’innovation d’une
maniere axée sur les données. De grands ensembles de données ont pu étre couverts et des tendances
ont été détectées sans I’intervention d’experts. Les marques, les brevets et les dessins et modeles ont
pu étre combinés et analysés conjointement. [’accent mis sur les informations textuelles apporte
ainsi une perspective plus large, comme le montrent les analyses des instruments de musique. Les
données textuelles ont fourni des informations pour expliquer, par exemple, I’ utilisation des marques
dans les instruments de musique électroniques. De plus, I’approche a permis le positionnement
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thématique des entreprises qui montre leur implication dans la transformation. Au fil du temps, il
est devenu évident que des entreprises ayant des antécédents différents ont été impliquées, ce qui a
introduit de nouveaux sujets dans la transformation des instruments de musique.

Lors du prétraitement et des analyses, il est apparu que les données textuelles des différents droits
de propriété intellectuelle différent, notamment en ce qui concerne les mots juridiques et courants
utilisés, la structure des phrases et le niveau de détail. Ces différences affectent la capacité de
combiner et de comparer les différentes sources de données. Le type de DPI des documents a
donc été pris en compte lors du prétraitement afin de tenir compte de ces différences : Les mots
tres courants spécifiques a chaque DPI ont été pris en compte et supprimés. Lors du processus de
nettoyage, nous avons pris soin de préserver les différences entre les sources de données. Cependant,
cela a entrainé I’inclusion de mots sans signification dans les ensembles de données finaux. Afin
d’améliorer encore 1’analyse de sources de données multiples, il pourrait donc &tre intéressant de
disposer d’une liste de mots vides spécifique a chaque droit de propriété intellectuelle, contenant
notamment les termes juridiques courants du droit de propriété intellectuelle concerné. Ainsi,
il serait possible de se concentrer davantage sur les mots significatifs tout en tenant compte des
différences de contenu entre les sources de données.

Un autre aspect a prendre en compte dans I’analyse des données textuelles des documents DPI est
que les documents n’étaient pas également représentés dans les différents domaines d’innovation.
Dans le domaine de la robotique, la plupart des documents étaient des brevets, tandis que dans
celui des chaussures, la plupart des documents étaient des marques. Dans I’ensemble de données
sur les instruments de musique, les brevets et les marques étaient également représentés, tandis que
les dessins et modeles étaient rarement inclus. La part de chaque type de DPI dans I’ensemble de
données a un impact sur les themes estimés, car les themes sont estimés sur la base des documents
fournis et penchent donc vers le type de DPI ayant la part la plus élevée. Cela signifie que plus la
proportion d’un DPI est faible, plus les incertitudes de 1’estimation concernant ce DPI sont grandes
et, par conséquent, plus la variance est importante. Nous avons vu dans les différents chapitres que,
tant que la cohérence et le lien entre les documents et les sujets sont assurés, la différence dans la
part des DPI est négligeable. En robotique, les themes étaient trés cohérents. Dans le secteur de la
chaussure, les themes ayant un rapport élevé avec les brevets étaient également cohérents. Dans le
cas des themes relatifs aux marques, la cohérence dépendait de la structure des marques. Dans les
cas ou les marques ne fournissaient que des articles d’habillement, la cohérence était plus faible,
et les themes fournissaient moins de détails sur la production ou I’innovation contenues. Dans le
domaine des instruments de musique, les themes relatifs aux entreprises de matériel et de logiciels,
et principalement les brevets, présentent une cohérence élevée parmi les principaux documents de
brevets, de marques et de modeles. Cependant, la cohérence des sujets relatifs aux marques dépend
des aspects électroniques. Dans I’ensemble, la cohérence et, par conséquent, la qualité different en
fonction de la structure textuelle. Une relation technologique élevée conduit souvent a une qualité
élevée des sujets. En outre, il faut tenir compte de la qualité et de I’utilisation des DPI dans le
domaine couvert.

Enfin, la longueur du texte doit €tre prise en compte. Les marques contiennent principalement des
textes courts ou des listes de mots concis. Les dessins et modeles sont également courts dans leur
description textuelle. Les brevets fournissent des descriptions détaillées ou des résumés courts.
Cette these a utilisé les résumés des brevets pour s’aligner sur la longueur textuelle des marques
et des dessins et modeles. Cette approche a fonctionné pour la combinaison. Pour les brevets, il
pourrait étre intéressant d’étendre 1’analyse concernant la description du brevet pour atteindre un
niveau de détail encore plus élevé.

Données textuelles des marques : La these s’est concentrée sur les données textuelles des marques
en combinaison avec d’autres sources de données pour obtenir une perspective plus large sur
I’innovation. Parmi les articles de 1’échantillon de Chapter 3, aucun article n’a utilisé les marques
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de commerce comme source de données textuelles, ce qui est en accord avec les résultats des
autres. Cependant, tout au long de cette these, il est démontré que les données textuelles des
marques contiennent des informations sur I’innovation et offrent une opportunité de combiner les
marques avec d’autres sources de données. Cela permet d’obtenir des informations supplémentaires
sur le positionnement des entreprises ou sur les innovations dans différents domaines d’innovation.

Les analyses des données textuelles des marques, brevets et dessins ont permis de découvrir plus en
détail la robotique, les chaussures et la transformation des instruments de musique, notamment par
rapport aux classifications disponibles. Néanmoins, la quantité de texte et le type de structure du
texte sont également déterminants pour le niveau de détail : Méme si les descriptions de marques
sont relativement courtes, il existe des différences dans leur structure. Les descriptions de marques
de robotique ou d’instruments de musique couvrant des aspects de haute technologie présentaient
une description et des détails plus étendus que les marques dans, par exemple, le domaine de basse
technologie des chaussures, ou la description de la marque ressemblait a une liste de produits sans
plus de détails. Ici, des recherches supplémentaires sont nécessaires pour comprendre les raisons
de cette différence et potentiellement se concentrer sur les descriptions de marques avec un niveau
élevé de détails.

L’analyse des données textuelles des marques dans cette these a été utilisée pour explorer les
tendances. Le sujet modellin

Innovation dans les données textuelles des marques Cette these traite de I’hypothese selon laquelle
les textes de marques représentent des apercus intéressants sur les innovations. Ceci malgré le
fait que le lien entre les marques et I’innovation n’est pas garanti. Les analyses de la robotique,
des chaussures et des instruments de musique ont pu montrer que les marques fournissent des
informations détaillées sur I’innovation, comparables aux brevets. Elles pourraient assurer la
perspective de I’introduction sur le marché et de la diffusion. Cependant, des différences dans les
textes des marques ont été trouvées pour influencer la fagon dont les textes des marques contribuent
a la compréhension de I’innovation. Cette structure différente pourrait étre liée a la mesure dans
laquelle les marques représentent 1’innovation et nécessite une enquéte plus approfondie.

Dans I’ensemble, les données textuelles des droits de propriété intellectuelle fournissent des informations
intéressantes sur le développement de I’innovation. La these a abord€ les données textuelles des marques
et a révélé leur contribution.

F.6 Marques de Conclusion et Recherches Futures

Pour conclure, la thése ajoute a la discussion sur les données textuelles des marques dans la recherche sur
I’innovation. Elle a donc analysé 1’état actuel de I’analyse des données textuelles dans la recherche sur
I’innovation, comparé les données textuelles des marques et des brevets et appliqué les données textuelles
des brevets, des marques et des dessins pour mesurer la transformation technologique. Globalement, les
données textuelles des marques ont permis de combiner plusieurs sources de données. L’'inclusion des
marques a permis de saisir les aspects liés aux services et a la basse technologie. Les données textuelles des
marques ont ajouté des aspects tels que la numérisation des instruments de musique. La thése contribue
a une meilleure compréhension de I’utilisation des données textuelles, débloque les données textuelles
des marques et applique les données textuelles des brevets, des marques et des dessins pour évaluer la
transformation technologique. La combinaison de différents droits de propriété intellectuelle par le biais
de données textuelles offre une perspective plus large sur I’innovation tout en surmontant les limitations
existantes. La combinaison des marques, des brevets et des dessins et modeles renforce les points forts
de chaque source de données pour la recherche sur I'innovation. Les données textuelles fournissent
en outre des informations détaillées permettant de comprendre le développement technologique ou le
comportement des entreprises. Cette thése contribue au domaine de 1’utilisation des données textuelles
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pour la recherche sur I’innovation et en particulier a I’application de I’analyse des données textuelles des
marques. Dans un contexte plus large, la thése contribue a 1’élaboration de politiques fondées sur des
données probantes en améliorant notre compréhension et nos capacités de mesure de I'innovation. Cette
amélioration permet de formuler des recommandations plus complétes pour les initiatives politiques, en
particulier dans les domaines d’innovation a faible technologie.

Des recherches supplémentaires sont nécessaires. Les défis mentionnés ci-dessus restent a relever. Dans
cette these, les documents de brevets, de marques et de dessins et modeles analysés ont été identifiés en
utilisant des recherches basées sur des classes et des mots clés. Cela est nécessaire car il n’existe pas de
systeme de classification commun aux différentes sources de données. En méme temps, il faut s’ assurer
que les criteres des documents a inclure sont similaires dans toutes les sources de données. Dans le cas
de domaines d’intérét plus complexes, comme les technologies vertes dans les pays en développement,
il est intéressant d’adopter une approche plus sophistiquée pour identifier les données pertinentes dans
différentes sources de données, car la qualité des résultats dépend de celle des données utilisées. En outre,
le lien entre I’innovation et les données textuelles des marques pourrait étre amélioré : Dans les zones
ayant une relation technologique élevée, les marques déposées dans cette thése ont affiché un niveau élevé
de détails. Cependant, dans les domaines a faible intensité technologique, comme les vétements, les
descriptions des marques couvraient principalement une liste d’articles de vétements. Ici, une approche
visant a différencier les descriptions de marques pertinentes et non pertinentes pour la recherche sur
I’innovation pourrait &tre intéressante pour augmenter la concentration sur I’innovation. Enfin, les
connaissances acquises par 1’approche, comme le contexte des entreprises étant décisif pour 1’utilisation
des DPI, restent a inclure dans d’autres modeles économiques pour améliorer leurs résultats.
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