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ABSTRACT
Data annotation is a tedious, yet vital task to create AI training data. Gamification can support 
annotation quality by motivating and engaging annotators. Existing gamified annotation system 
artifacts are largely instantiations; it remains unclear how the ingrained design knowledge 
transcends individual and situational factors and can inform the design of gamified annotation 
systems as a system class. This study synthesises extant gamified annotation system artifacts 
and gauges the maturity of ingrained design knowledge. We conduct a semi-systematic review 
of 56 articles which present gamified annotation system artifacts. Beyond a broad overview of 
design artifacts and research activities, we derive 13 solution streams that describe design 
knowledge as means-end relationships between goals and gamification-based solutions. While 
some solution streams exhibit high maturity, the results largely confirm our initial assumption 
that the design knowledge base on gamified annotation systems is immature. To advance 
maturity, we recommend to move beyond creating new instantiations as the primary research 
activity and to focus on developing actionable design prescriptions. Our study contributes to 
creating more mature design knowledge on gamified annotation systems and offers valuable 
perspectives on the maturity and scholarly progression of gamification research.
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1. Introduction

Consider an autonomous vehicle. For it to drive safely, 
the underlying artificial intelligence (AI) model must 
be trained with many street images in which human 
annotators have meticulously marked objects of inter
est such as other cars, street signs, or pedestrians. This 
process of adding metadata to existing data instances 
is called data annotation (Pustejovsky and Stubbs 
2012) and is crucial for the training of AI models 
(Gudivada, Apon, and Ding 2017). For human annota
tors, data annotation tasks can be time-intensive, 
repetitive, and tedious; thus they do not easily afford 
sustained motivation and engagement (Warsinsky et 
al. 2022). However, if annotators are not motivated 
or engaged in the annotation task, issues like careless 
mistakes or sloppy annotations arise, which may ulti
mately reduce annotation quality (Chandler and 
Kapelner 2013; Neves and Ševa 2021). To ensure 
high annotation quality, effective ways to motivate 
and engage annotators are required. One purposive 

design strategy to do so is gamification, describing 
the use of game design elements like points, badges 
or leaderboards to evoke gameful experiences and 
thereby motivate individuals to perform certain tasks 
or behaviours (Koivisto and Hamari 2019).

Research on gamified annotation systems features a 
wide variety of gamification designs. While these offer 
valuable insights into how a gamification design for 
annotation tasks may look, feel, and behave, individual 
and situational factors vary greatly across research: 
studies feature different gamification elements (e.g. 
points; Mekler et al. (2017), or narratives; Dumitrache 
et al. (2013)), annotation purposes (e.g. improve disease 
classification; Balducci and Buono (2018), or cultural 
heritage preservation; Ivanjko (2019)), annotators (e.g. 
experts; Warsinsky et al. (2022), or a crowd; Feyisetan 
et al. (2015)), and created annotations (e.g. segmenta
tion masks; Jauer, Spicher, and Deserno (2021), or 
tags; Mekler et al. (2017)). Gamification research has 
repeatedly stressed that the effects of gamification are 
highly sensitive to such contextual factors (Koivisto 
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and Hamari 2019; Nacke and Deterding 2017). Yet, the 
presented gamification design artifacts in literature are 
largely instantiations (i.e. real-world working systems; 
Hevner et al. (2004)), which are strongly tied to individ
ual and situational factors (Gregor and Hevner 2013). 
More abstract design artifacts such as models or design 
principles (Gregor and Hevner 2013) that transcend 
individual and situational factors are scarce. Some 
studies go beyond instantiations and present frame
works (Friðriksdóttir and Einarsson 2022; L’Heureux 
et al. 2017) or architectures (Dumitrache et al. 2013) 
to gamify annotation tasks. However, the scope of 
these artifacts is limited to, for example, specific annota
tion tasks (e.g. text annotation; Dumitrache et al. 2013) 
or crowdsourcing approaches (L’Heureux et al. 2017). 
Moreover, while there exist syntheses of extant design 
knowledge in related domains like gamified crowdsour
cing (Morschheuser et al. 2017), gamified learning tech
nologies (Carmichael, MacEachen, and Archibald 2022; 
Ertan and Kocadere 2022), or (non-gamified) annota
tion tools (Sager, Janiesch, and Zschech 2021), we are 
not aware of any existing syntheses of design knowledge 
for gamified annotation systems as a system class. Given 
the lack of mature design artifacts that transcend indi
vidual and situational factors, and the lack of syntheses 
of extant design knowledge, it is difficult to extract 
abstract design knowledge from research on gamified 
annotation systems. Therefore, the principal aim of 
this study is to synthesise current gamified annotation 
system artifacts, to comprehensively structure the 
ingrained design knowledge, and to assess its maturity. 
By doing so, we seek to pave the way to derive more 
complete and mature design knowledge on gamified 
annotation systems. We raise the research question: 
How mature is design knowledge on gamified AI training 
data annotation systems?

To answer our research question, we conduct a semi- 
systematic literature review of 56 scholarly articles. 
Based on a systematic database search, we synthesise lit
erature on gamified annotation systems and intensively 
engage with ingrained design artifacts, research activi
ties, and design rationales to infer how they shape con
temporary design knowledge on gamified annotation 
systems. We provide a broad overview of the literature 
and deep insights into 13 solution streams that describe 
existing design knowledge in the form of means-end 
relationships between goals and solutions (Maedche et 
al. 2019; Vom Brocke, Hevner, and Maedche 2020). 
We abstract our findings to derive recommendations 
for the creation of more mature design knowledge on 
gamified annotation systems.

The principal contribution of this study lies in a syn
thesis of existing gamified annotation system artifacts 

and the design knowledge therein. In doing so, we con
tribute to laying a base of useful knowledge (including 
descriptive and prescriptive knowledge) on designing 
gamified annotation systems. The ability to effectively 
leverage extant design knowledge is dependent on 
efficiency and cost of access to this knowledge (Gregor 
and Hevner 2013). To this end, we facilitate designers 
to effectively exploit extant design knowledge and 
thereby contribute to the creation of successful gamified 
annotation systems. We derive recommendations which 
can guide future research endeavours to purposively 
derive more abstract, complete, and mature design 
knowledge on gamified annotation systems. Our results 
are also interesting for gamification researchers. The 
derived solution streams showcase how gamification- 
based solutions can address certain design goals in 
light of the individual and situational factors of the AI 
training data annotation context. By investigating 
which factors support or inhibit the maturity of individ
ual solution streams and tying these back to existing dis
courses in research on gamification design, we 
contribute to a better understanding of which dis
courses may be important in the quest to understand 
and support successful gamification design.

2. Foundations

2.1. AI training data annotation

Data annotation broadly describes the addition of meta
data (often also called ‘annotations’ or ‘labels’) to exist
ing data instances (Pustejovsky and Stubbs 2012). The 
most frequently annotated formats of data are images 
(Alvi 2024) and text documents (SuperAnnotate 
2023). Less common data formats include audio files 
(Callaghan et al. 2018) and sensor data (L’Heureux et 
al. 2017). Regarding the added metadata, common 
forms include tags, labels, bounding boxes, or a combi
nation of those (Pustejovsky and Stubbs 2012). Table 1
lists common example annotation tasks from extant 

Table 1. Example AI training data annotation tasks for some 
common data formats.
Data 
format Added metadata + Example task

Images Segmentation masks for anatomical structures in surgical 
images (Wagner et al. 2021)

Tags that describe emotion in abstract images (Mekler et al. 
2017)

Text Markings for linguistic expressions that refer to same real- 
world entity (Kicikoglu et al. 2019)

Adding Part-of speech tags to text documents (Pustejovsky 
and Stubbs 2012)

Audio Label presence of abnormal heart sounds (Callaghan et al. 
2018)

Sensor 
data

On-Off Labels for electronic devices (L’Heureux et al. 2017)
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literature grouped by data format, whereas Figure 1
shows two example annotations: an image of one of 
the authors’ cats, annotated with segmentation masks, 
and the first three sentences of this paper’s introduction, 
annotated with markings for subjects and verbs.

While data annotation can serve various purposes (e.g. 
organisation of personal data archives; Maltzahn et al. 
2014), most annotation tasks today are performed to cre
ate AI training data (Meireles et al. 2021; Russo et al. 
2021). Annotated training data allows AI models to easily 
recognise patterns and make inferences and is thus the 
primary way to train AI models (Khalaji et al. 2023). Effec
tive data annotation is an integral process in the training 
and deployment of AI models (Gudivada, Apon, and 
Ding 2017). The primary goal of any annotation task is 
to create high-quality annotations (Warsinsky et al. 
2022). What constitutes ‘high-quality annotations’ is con
text-dependent and subjective (Wand and Wang 1996). 
For the purpose of this study, we draw on the extensive 
discourse on data quality in the information systems 
(IS) domain and define annotation quality as ‘fitness for 
use’ (Wand and Wang 1996). This abstract view is 
sufficient to enable an informed discourse about increas
ing annotation quality through gamification without del
ving into the intricacies of data quality literature (for more 
information, we recommend Batini et al. (2009)).

Annotation research features several literature 
reviews which have compiled overviews of existing 
annotation tools in specific domains, such as computer 
vision (Sager, Janiesch, and Zschech 2021), biomedical 
imaging (Neves and Leser 2014) or document annota
tion (Neves and Ševa 2021). While these reviews give 
a good overview of existing annotation tools, gamifica
tion is rarely more than anecdotally mentioned (Neves 
and Leser 2014; Neves and Ševa 2021). Only the review 
by Sager, Janiesch, and Zschech (2021) highlights 
gamification as an image labelling support technique 

and explicitly investigates the presence of gamification 
in existing annotation tools for computer vision. Yet, 
they find no such occurrences, indicating that gamifica
tion is not supported by existing annotation tools 
specific to the computer vision domain. Compared to 
these reviews, our study covers a broad range of annota
tion domains and is not limited to specific domains.

2.2. Design knowledge

Broadly, design knowledge may be viewed as a means-end 
relationship between a problem space and a solution space 
(Maedche et al. 2019; Vom Brocke, Hevner, and Maedche 
2020), thereby taking the form of ‘to achieve <goal G>, use 
<solution S>’. Design knowledge may be broken down 
into two basic types (Gregor and Hevner 2013; Hevner 
et al. 2004): (1) descriptive knowledge, which is the 
‘what’ knowledge that helps to analyze, explain, and pre
dict phenomena, and (2) prescriptive knowledge, which 
is the ‘‘how’ knowledge of human-built artifacts’ (Gregor 
and Hevner 2013, 343). Building a mature design knowl
edge base in any domain requires both descriptive and 
prescriptive knowledge. While prescriptive knowledge 
provides insights into how artifacts affect their environ
ment (e.g. individuals, organisations), descriptive knowl
edge ‘enhance[s] our understanding of the world and 
the phenomena our technologies harness (or cause)’ 
(Vom Brocke, Hevner, and Maedche 2020, 10–11).

In this work, to characterise extant design knowledge 
on gamified annotation systems, we embrace the form 
of design knowledge as a means-end relationship 
between problem and solution space (Maedche et al. 
2019; Vom Brocke, Hevner, and Maedche 2020). To 
do so, we introduce the concept of solution streams. 
This is formalised in a conceptual framework (see 
Figure 2), associated with definitions of important con
cepts in Table 2. In general, our view is as follows: extant 

Figure 1. Example annotations.
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literature on gamified annotation systems features var
ious artifacts, which implement one or more solutions, 
which in turn address one or more goals (i.e. ends). 
Goals are considered the key conceptual entity when 
conceptualising a problem space, as they mediate 
between abstract needs and concrete requirements 
(Maedche et al. 2019). Therefore, we use goals to rep
resent the problem space. We then construe a solution 
stream to be a (goal, solution)-tuple, whereby the sol
ution addresses the respective goal. Solution streams 
abstract away from individual artifacts as well as contex
tual or situational factors (Nacke and Deterding 2017), 
and rather represent pieces of design knowledge (as 
means-end relationships) for an overall system class 
(here, gamified annotation systems). Additionally, the 
maturity of each solution stream can be individually 
investigated to paint a granular picture of the current 
state of design knowledge. Therefore, we use solution 

streams to investigate the state of design knowledge 
on gamified annotation systems.

To describe the maturity of design knowledge on 
gamified annotation systems in a comprehensible and 
informative way, we draw on two frameworks from 
the design science research (DSR) domain. First, we 
draw on the design research activities (DRA) framework 
(Maedche, Gregor, and Parsons 2021), which classifies 
studies into four quadrants based on (1) the type of 
knowledge contribution (i.e. whether descriptive or pre
scriptive knowledge is produced) and (2) the researcher 
role (i.e. whether a research team creates a new artifact 
or observes existing artifacts). By classifying studies 
from a stream of research into the respective quadrants, 
the DRA framework is useful to determine the maturity 
of extant design knowledge (Maedche, Gregor, and Par
sons 2021). Doing so may, for example, unearth a lack of 
studies in a quadrant or a lack of mature design artifacts 
in a quadrant, which can provide insights into whether 
further work is warranted in specific quadrants.

Second, we draw on the framework of DSR contri
butions types (Gregor and Hevner 2013), which pro
poses that the types of artifacts that exist in a research 
domain can provide insights into the maturity of the 
respective design knowledge base. The framework dis
tinguishes three levels of contribution: At the lowest 
level of contribution are instantiations (i.e. situated 
implementations of artifacts), while design theories sit 
at the highest level of contribution. The space in between 
is populated by mid-range artifacts such as models, 
methods or design principles, which provide more 
abstract and complete knowledge than instantiations, 

Figure 2. Conceptual framework of solution streams.

Table 2. Definitions of important concepts.
Concept Definition Example

Goal Desired results or a desired 
state of affairs (Maedche et al. 
2019)

‘Improve user motivation’

Solution Concrete, tangible features of 
an artifact (Strohmann and 
Khosrawi-Rad 2025)

‘provide rewards for task 
completion’

Artifact Design entities (constructs, 
models, methods, or 
instantiations (Hevner et al. 
2004)) that embody design 
knowledge (Strohmann and 
Khosrawi-Rad 2025).

An existing gamified 
annotation system 
instantiation

Solution 
Stream

A (goal, solution) tuple where 
the solution addresses the 
respective goal

(‘Improve user motivation’, 
‘provide rewards for task 
completion’)
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yet not enough to be considered design theory. The basic 
idea is that offering artifacts on a more abstract level 
allows them to be operationalised and studied in several 
contexts, providing more complete and mature design 
knowledge (Gregor and Hevner 2013).

2.3. Designing gamified annotation systems

Gamification describes the use of game design elements 
like points, badges or leaderboards in non-game con
texts (Deterding et al. 2011). In IS, gamification is 
often used as a purposive design strategy to evoke game
ful experiences and motivate individuals to perform cer
tain tasks (Koivisto and Hamari 2019). The principal 
design goal of a gamified IS is to support meaningful 
engagement: that is, to evoke both instrumental out
comes such as a behaviour change and experiential out
comes such as flow or cognitive absorption (Liu, 
Santhanam, and Webster 2017). To this end, gamifica
tion research has focused on creating descriptive knowl
edge that can explain or predict how gamification works 
and prescriptive knowledge that can provide actionable 
prescriptions for gamified IS design. Regarding descrip
tive knowledge, an important issue in gamification 
design is to choose those experiential outcomes that 
effectively lead to higher levels of desired instrumental 
outcomes, as these are highly context-dependent and 
thus vary based on factors like prospective users or 
characteristics of the task one seeks to gamify (Liu, 
Santhnam, and Webster 2017; Palmquist 2024). Regard
ing prescriptive knowledge, research has created several 
resources to inform the design of gamified IS, including 
gamification design frameworks that aim to provide 
actionable prescriptions for designing a gamified IS 
(e.g. by guiding the choice of gamification elements; 
Mora et al. 2017) and design principles that provide 
high-level guidance for the design of gamified IS overall 
(Liu, Santhnam, and Webster 2017; Morschheuser et al. 
2018) or in specific contexts (e.g. adaptive gamification 
for online courses; Sezgin and Yüzer 2022).

We identify several literature reviews that synthesise 
extant design knowledge in domains related to gamified 
annotation. Most notably, we relate to the domain of 
gamified crowdsourcing (Yang, Ye, and Feng 2021), as 
annotation tasks are frequently crowdsourced. To this 
end, Morschheuser et al. (2017) systematically describe 
the landscape of gamified crowdsourcing, including 
aspects like gamification affordances, domains, or 
psychological outcomes, and subsequently derive 
recommendations for designing gamified crowdsourcing 
systems (e.g. to consider personal factors in the design 
process). However, annotation tasks are only one of 
several different crowdsourcing tasks, and the results 

do not extend to annotation tasks that are not crowd
sourced (e.g. expert annotation; Warsinsky et al. 2022). 
Additionally, we relate to research on gamifying learning 
tasks, which sometimes feature annotation tasks to sup
port learning (e.g. annotating words in a text to improve 
reading comprehension; C. M. Chen, Li, and Chen 
2020). Studies in this domain have also recognised the 
lack of learner motivation as a core issue (Koivisto and 
Hamari 2019), and several systematic reviews have 
been conducted to synthesise extant knowledge in this 
area (Carmichael, MacEachen, and Archibald 2022; 
Ertan and Kocadere 2022). However, these existing 
reviews are mostly focused on understanding how 
gamification works in learning tasks (i.e. descriptive 
knowledge) and offer little design guidance. Addition
ally, when annotating for learning purposes, annotators 
(i.e. learners) usually directly benefit from performing 
the task via learning effects (C. M. Chen, Li, and Chen 
2020), while AI training data annotation offers little 
direct benefits to annotators (Warsinsky et al. 2022).

In sum, while prior reviews provide valuable knowl
edge on gamification in adjacent domains like crowd
sourcing, learning or annotation tools, we are not 
aware of any review that has investigated the design of 
gamified annotation systems as a distinct system class. 
To address this gap, our review synthesises design 
knowledge specific to gamified annotation systems; 
regardless of whether they are crowdsourced or 
embedded in learning contexts. Additionally, compared 
to existing reviews, we also explicitly evaluate the 
maturity of existing design knowledge in terms of indi
vidual solution streams, which we synthesise into expli
cit recommendations for the creation of more mature 
design knowledge for gamified annotation systems.

3. Literature review approach

3.1. Data collection

To answer our research question, we conducted a semi- 
systematic review (Snyder 2019). We deemed this type 
of review suitable for our work, as it is designed for 
topics that have been studied by diverse groups of scho
lars in various disciplines, which fits with gamified 
annotation being employed in various disciplines (e.g. 
healthcare; Dumitrache et al. (2013); or cultural heritage 
preservation; Toumanidis et al. (2019)). We combine a 
systematic database search with qualitative analysis 
methods to synthesise the state of design knowledge 
on gamified annotation systems (Snyder 2019). Our 
data collection approach is summarised in Figure 3. 
We employed a systematic search strategy following 
the guidelines by Levy and Ellis (2006). We opted for 
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a combination of databases with broad, multidisciplin
ary coverage (i.e. Scopus, EBSCOHost, and ProQuest), 
focused databases that contain literature on gamifica
tion and human–computer interaction (i.e. ACM Digi
tal Library and AISeL), and a database on healthcare (i.e. 
PubMed), as healthcare is a common application 
domain of annotation. We searched in title, keywords, 
and abstract with a search string that covered key 
terms related to gamification and annotation (see 

Table 3). The search string also included terms that 
are often used synonymously or interchangeably with 
annotation, such as labelling (Rädsch et al. 2023), 

Figure 3. PRISMA flow diagram visualising our data collection approach (adapted from Page et al. 2021).

Table 3. Search string for our systematic database search.
Key terms Search string including alternative terms

Gamification gamif*
AND

Annotation (annotat* OR label* OR segment* OR tag*)

6 S. KROHMANN ET AL.



segmentation (Wang et al. 2021), or tagging (Puste
jovsky and Stubbs 2012). Our search on January 9th, 
2024, yielded 650 publications.

We excluded 107 duplicates, 23 articles that were not in 
English or not peer-reviewed, and 69 conference proceed
ings (i.e. we excluded the conference proceedings as works 
themselves but included individual conference papers). 
We then used predefined exclusion criteria to assess the 
relevance of the remaining 451 articles (see Table 4). To 
increase the validity of the assessment, two authors inde
pendently screened the abstract of each article and dis
cussed conflicting assessments until all discrepancies 
were resolved. To account for inter-rater reliability, we 
also report Cohen’s Kappa (κ; Cohen (1960)).

From the 451 studies assessed, we excluded 314 
articles that did not involve manual data annotation 
(intercoder agreement = 87.14% and κ = 0.7428). Fol
lowing the definition of annotation as the ‘addition of 
metadata to existing data instances’ (Pustejovsky and 
Stubbs 2012), we screened each abstract in search for 
the existing data instances and the respective metadata 
added. We posited that the metadata should have a 
clear relation to the associated data instance yet should 
not provide meaningful value on its own (i.e. without 
the original data instances being annotated). We did so 
in particular to exclude transcription or translation 
tasks, which are usually not done with AI training in 
mind. Furthermore, we excluded papers that deal with 
purely automated annotation systems, such as systems 
with ML models that annotate without any human inter
vention (Washington et al. 2022). In the next step, we 
excluded 55 papers (intercoder agreement = 77.37% 
and κ = 0.5474) that explicitly stated an annotation pur
pose other than creating AI training data (e.g. annotation 
of a personal photo library for organisation purposes; 
Maltzahn et al. (2014)). Lastly, we excluded 26 articles 
that did not describe a gamified system (intercoder 
agreement = 80.49% and κ = 0.6098). To differentiate 
between gamification and often synonymously used 
terms (most notably, serious games and games-with-a- 
purpose), we drew on the definition of gamification as 
use of game design elements in non-game contexts 

(Deterding et al. 2011) and accordingly assessed whether 
the described systems can be considered full games and 
included only those which encompassed a removable 
game layer (Warsinsky et al. 2021). Ultimately, our 
data collection yielded a set of 56 relevant articles.

3.2. Data analysis

To analyze our 56 relevant articles, we followed a man
ual concept-centric data analysis approach informed by 
Webster and Watson (2002). We engaged with the full 
text of each paper and coded them based on predefined 
units of analysis (see Table 5), which comprised general 
information about the studies (e.g. applied method and 
domain), annotation-related data (e.g. annotated data 
and added metadata), and gamification-related data 
(e.g. instrumental outcomes and experiential out
comes). We compiled a concept matrix (Webster and 
Watson 2002) of the coded papers and formed the 
coded information into frequency tables, which form 
the first part of our results (see section 4.1).

The most important unit of analysis was the included 
design knowledge in the papers. We coded for the types of 
artifacts presented in the papers (Gregor and Hevner 
2013) and investigated in particular those artifacts 
which were more abstract than instantiations. We also 
investigated the design research activities in each study 
and assigned it into its respective quadrant in the DRA 
framework (Maedche, Gregor, and Parsons 2021). After 
doing so, we followed the method suggested by Maedche, 
Gregor, and Parsons (2021) and investigated the individ
ual quadrants to gain an overview of the research activi
ties in that literature stream. These insights form the 
second part of our results (see sections 4.2 & 4.3).

To gain a deeper and more granular look into the pre
sented gamified annotation system designs, we carefully 
analyzed each paper and coded for text passages that fea
tured design rationales where the authors explain their 
design decisions (e.g. why specific gamification elements 
are used). After coding these design rationales for each 
paper, we aimed to heighten our level of abstraction by 
identifying similarities, grouping similar design rationales 
and finding overarching topics. In doing so, we applied 

Table 4. Summary of the exclusion criteria applied during 
screening and full-text assessment.
Exclusion criteria Description

Not about manual data 
annotation

The publication does not describe an artifact 
intended for manual addition of metadata to 
existing data instances

Not about AI training 
data creation

The publication explicitly mentions an 
annotation purpose other than AI training 
data creation

Not about gamification The publication does not describe an artifact 
with gamification elements encompassed in a 
removable game layer

Table 5. Coding dimensions.
Category Units of analysis

General information Method, sample sizes, domain
Annotation-related Annotated data, added metadata, annotators
Gamification-related Gamification elements & mechanics, targeted 

instrumental & experiential outcomes and effects 
of gamification on them

Design knowledge- 
related

Type of presented artifact (Gregor and Hevner 
2013), DRA framework quadrants (Maedche, 
Gregor, and Parsons 2021), design rationales
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our conceptual model and synthesised solution streams 
that connect relevant design goals (i.e. ends) with perti
nent gamification-based solutions (i.e. means). Ultimately, 
we identified 13 such solution streams.

For each solution stream, we gauged the maturity of 
existing design knowledge based on several criteria, 
which we summarise in Table 6. From a DSR perspective, 
important criteria were the presence of abstract artifacts 
(Gregor and Hevner 2013) and design research activities 
(Maedche, Gregor, and Parsons 2021). From a gamification 
perspective, important criteria were knowledge on the 
effectiveness of a solution (i.e. ‘does it work?’; Hamari, Koi
visto, and Sarsa (2014)), the presence of justificatory knowl
edge that helps to explain why a solution works the way it 
does (Gregor and Jones 2007; Koivisto and Hamari 2019; 
Nacke and Deterding 2017), and the implementability of 
the solution (Iivari, Rotvit Perlt Hansen, and Haj-Bolouri 
2021). For each solution stream, we assessed these criteria 
and derived an overall evaluation of its maturity as either 
low, medium or high. These insights form the second 
major part of our results (see section 5).

4. Overview of analyzed literature

4.1. Methodical approaches and annotation tasks

We begin with a high-level overview of the 56 investigated 
papers. Table 7 provides an overview of the reviewed 
studies’ methodological approaches (Table 7(a)), annota
tion domains (Table 7(b)), and annotators (Table 7(c)). 
Most studies applied quantitative approaches (n = 34), 
with the most frequently applied individual method 
being experiments (n = 18). The annotation domains of 
the reviewed literature were quite spread, with prominent 
domains being crowdsourcing (n = 10), linguistics (n =  
9), and medicine (n = 7). Regarding annotators, most 
studies (n = 34) focused on a crowd as annotators, while 
15 studies did not feature a specific group of annotators. 
Two studies focused specifically on expert annotators 
(Sevastjanova et al. 2021; Warsinsky et al. 2022), while 
two other studies contrasted expert annotators with 
crowd annotators (Ivanjko 2019; Öhman et al. 2018). 
Two studies (Anagnostou, Mollas, and Tsoumakas 
2018; Kicikoglu et al. 2019) investigated users of 

Table 6. Solution stream maturity criteria.
Solution stream maturity criterion Example contributors (+) & inhibitors (-)

Presence of abstract artifacts in domain + Abstract design artifacts exist to inform design 
+ Existing abstract artifacts are specific to solution 
− Abstract design artifacts lack; most artifacts are instantiations 
− Existing abstract artifacts are only tangentially related to solution

Design research activities + Artifacts are re-used across multiple studies 
+ Studies create a balance of descriptive and prescriptive knowledge 
− Artifacts are not or rarely re-used; most studies construct new artifacts 
− Studies overwhelmingly create descriptive (prescriptive) knowledge

Presence of justificatory knowledge + Studies use behavioural theories to explain why designs work the way they do 
+ Studies provide detailed design rationales on individual components of their artifacts 
− Studies feature no design rationales 
− Studies feature mostly abstract design rationales

Knowledge on effectiveness of solution + Empirical results specific to solution exist 
+ Empirical results on solution are mostly positive 
− Little or no empirical results specific to solution 
− Empirical results on solution are mixed; with potential unintended negative side effects

Implementability + Solution is intuitive to implement through gamification elements 
+ Studies provide actionable guidance on how to implement solution through gamification elements 
− Solution is not intuitive to implement through gamification elements 
− Studies provide only abstract guidance how to implement solution through gamification elements

Table 7. Types of studies, domains, and annotators in our reviewed literature.

Type of study
# of  

studies Domain
# of  

studies Annotators
# of  

studies

Conceptual 9 Crowdsourcing 10 Crowd 34
Quantitative 34 Linguistics 9 None specific 15
Qualitative 13 None specific 9 Company employees 2

Medicine 7 Embedded system users 2
Speech processing 5 Experts 2
Activity recognition 5 Crowd vs experts 2
Cultural heritage 3
Work,  

Social networking
2

Software development,  
Translation,  
Sensor data,  
Information retrieval

1

(a) (b) (c)
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platforms in which they embedded annotation tasks (e.g. 
the YouTube platform; Anagnostou, Mollas, and Tsou
makas (2018)). Similarly, two studies (Alaghbari et al. 
2020, 2021) investigated employees of a company where 
they gamified annotation processes.

Annotation tasks in the reviewed literature were varied; 
Table 8 provides an overview of annotation tasks we 
encountered, grouped by the format of annotated data. 
Note that one study featured annotation of multiple data 
formats (Toumanidis et al. 2019) and several studies fea
tured different kinds of added metadata. We mostly 
encountered annotations of image or video data (n =  
26), such as abstract art images (Lessel et al. 2019; Lessel 
et al. 2022) or images of skin lesions (Balducci and 
Buono 2018; Duhaime et al. 2023), closely followed by tex
tual data (n = 18), such as scanned documents (Alaghbari 
et al. 2020, 2021). Other data formats like audio (Hantke, 
Appel, and Schuller 2018) or sensor data (Mairittha and 
Inoue 2018; Mairittha, Mairittha, and Inoue 2019) were 
less present in the reviewed literature. Across all data for
mats, the most popular added metadata were tags, which 
could be either binary (e.g. translation problem flags; Y. 
M. Chen 2019), chosen from a predefined set of tags 
(e.g. a set of unique sentiments and emotions; Öhman 
and Kajava (2018); Öhman et al. (2018)), or freely added 
by the annotators (e.g. moods conveyed in images; Mekler 
et al. (2013a); Mekler et al. (2013b); Mekler et al. (2017)).

4.2. Existing artifacts

Investigating the types of artifacts presented in the 
reviewed literature (for an overview, see Table 9) 
revealed that most studies featured instantiations (n =  
45), while we identified eleven artifacts that are more 
abstract. Two studies develop a model and use the 

prescriptive knowledge therein to subsequently build 
an instantiation (Dumitrache et al. 2013; Mairittha et 
al. 2021). Two abstract artifacts had little relation to 
the gamification-part of the presented gamified annota
tion systems. Rather, these artifacts include a method to 
make annotated datasets available to the public (Cao et 
al. 2015), and a method to create a platform that ‘pro
vides enhanced services and enables human–computer 
collaboration for data annotations and enrichment’ 
(Chortaras et al. 2018, 1117). The remaining artifacts 
are somehow related to individual gamification-based 
solutions. Hence, we describe them in more detail in 
the solution streams section when their respective con
tent is relevant.

4.3. Design research activities

Figure 4 features an overview of how the reviewed litera
ture is situated in the DRA framework quadrants 
(Maedche, Gregor, and Parsons 2021). Investigating 
each quadrant more in-depth revealed the following 
insights:

Construction Quadrant. This quadrant hosted most 
of the reviewed studies. Studies in this quadrant 
involved the creation of a new gamified annotation sys
tem instantiation, where the gamification part of the 

Table 8. Overview of annotation tasks.
Annotated 
data # of studies

Added  
metadata # of studies Example annotations

Images & Video 26 Tags 17 Tags to convey mood in abstract art images (Mekler et al. 2017)
Segmentation 

masks
6 Segmentation of vessels in 3D vascular images of airways  

(Huang and Hamarneh 2017)
Bounding boxes 2 Bounding boxes around cultural heritage sites  

(Toumanidis et al. 2019)
Labels 3 Natural language descriptors for body movements  

(Plappert, Mandery, and Asfour 2016)
Non-specific 1 (Jin et al. 2020)

Text 17 Tags 11 ‘Translation problem flags’ (Chen 2019)
Labels 6 Labels around multi-word expressions (Fort et al. 2020)
Bounding boxes 2 Adding bounding boxes around specific parts of text documents (Alaghbari et al. 2020, 

2021)
Audio 7 Tags 7 Tags for emotion conveyed in speech (Hantke et al. 2015)
Sensor data 5 Labels 3 Adding activity labels to smartphone accelerometer data  

(Mairittha et al. 2021)
Tags 2 Adding on-off tags for electronic devices  

(Cao et al. 2015; L’Heureux et al. 2017)
Non-specific 3 - - -

Table 9. Artifact types in our reviewed literature.
Artifact type # of studies

Instantiation 45 studies
Method 4 studies (Cao et al. 2015; Chortaras et al. 2018; Gurav, 

Parkar, and Kharwar 2020; Kicikoglu et al. 2019)
Model 5 studies (Chamberlain, 2014; Chen 2019; Friðriksdóttir 

and Einarsson 2022; Jin et al. 2020; L’Heureux et al. 
2017)

Model + 
Instantiation

2 studies (Dumitrache et al. 2013; Mairittha et al. 2021)
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system was sometimes quite substantial and sometimes 
only a minor component of the resulting instantiation 
(Anagnostou, Mollas, and Tsoumakas 2018; Plappert, 
Mandery, and Asfour 2016). Likewise, provided ratio
nales for gamification design decisions varied greatly 
in depth, with some studies meticulously justifying 
each gamification element individually (Hantke et al. 
2015; Hantke, Appel, and Schuller 2018; Sevastjanova 
et al. 2021), and other studies providing quite high- 
level rationales such as increasing engagement with 
the annotation task (Anagnostou, Mollas, and Tsouma
kas 2018). Some studies provide only the description of 
the created artifact (Alaghbari et al. 2020, 2021; Balducci 
and Buono 2018), while others include evaluation activi
ties which involved mostly low sample sizes and quali
tative approaches to gain initial insights on the created 
artifacts (Guillot et al. 2016; Hantke et al. 2018).

Deployment Quadrant. We identified two studies in 
the deployment quadrant. Both these studies use exist
ing gamified annotation system architectures to launch 
their annotation tasks, and use the resulting instantia
tions to collect evaluation data in the context of a 
specific text annotation task (i.e. noun-noun compound 
annotation; Bos and Nissim (2015)) or to compare per
formance metrics between non-expert and expert anno
tators (Duhaime et al. 2023).

Manipulation Quadrant. The manipulation quad
rant consists almost exclusively of experiment studies, 
where existing gamified annotation system instantia
tions are adapted to create descriptive knowledge 
about specific gamification-related aspects. Manipula
tions include the presence or nature of certain gamifi
cation elements (Mekler et al. 2013a; Mekler et al. 
2013b; Mekler et al. 2017), the level of customisation 
of gamification elements (Lessel et al. 2019; Schubhan 

et al. 2020), or personalisation based on user types 
(Altmeyer et al. 2022). Importantly, studies that fall 
under this category often acknowledge that they do 
not necessarily seek to build the most effective annota
tion system (Mekler et al. 2017), but rather use annota
tion as a research context for gamification to ensure 
replicability and comparability of results, or to have 
easy-to-measure outcomes (Altmeyer et al. 2022; Lessel 
et al. 2022; Mekler et al. 2017). Several studies in this 
quadrant were based on the same initial instantiations. 
Mekler et al. (2013b) created a gamified annotation 
platform, which was subsequently creatively adapted 
for experiments by Mekler and colleagues themselves 
(Mekler et al. 2013a; Mekler et al. 2017) and by other 
research teams (Altmeyer et al. 2022; Lessel et al. 
2022; Schubhan et al. 2020). Similarly, Mairittha and 
Inoue (2018) developed an instantiation and later 
manipulated it to conduct experiments on it in further 
studies (Mairittha et al. 2021; Mairittha, Mairittha, and 
Inoue 2019).

Elucidation Quadrant. The elucidation quadrant 
includes mostly studies that continue the efforts from 
the manipulation quadrant by continuing to observe 
the created artifacts (Hantke et al. 2019; Hantke, 
Zhang, and Schuller 2017) and producing descriptive 
knowledge on specific aspects of the artifacts, like the 
customisation of gamification elements (Lessel et al. 
2019) or annotators’ positioning on a leaderboard (Na 
and Han 2023). Ivanjko (2019) uses an existing gamified 
annotation system to compare expert and non-expert 
annotators. Lastly, one study did a case study to provide 
a detailed breakdown of an existing gamified annotation 
system (Y. M. Chen 2019) and one study that did a lit
erature review to provide a broad overview of artifacts 
for crowdsourcing annotation (Jin et al. 2020).

Figure 4. Overview of design research activities following the DRA framework (Maedche, Gregor, and Parsons 2021).
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Summary. Our analysis with the DRA framework 
indicates that in most of the reviewed studies, research
ers create new artifacts and investigate them, as sig
nified by the high number of studies in the 
construction and manipulation quadrants. Noticeably, 
only the gamified abstract art image annotation plat
form by Mekler et al. (2013b), was applied in studies 
by researchers outside of the initial research team 
that created the artifact (Lessel et al. 2022; Na and 
Han 2023; Schubhan et al. 2020). Regarding studies 
beyond the construction quadrant, there is a low num
ber of studies in quadrants where existing artifacts are 
observed (i.e. deployment, elucidation), but several 
studies in the manipulation quadrant that provide 
insightful descriptive knowledge.

5. Solution streams in current research on 
gamified annotation systems

By engaging with existing design rationales for gamified 
annotation systems artifacts, we synthesised 13 solution 
streams. Table 10 features an overview of the identified 
solution streams, along with our overall assessment of 
whether each individual stream’s maturity is low, med
ium or high, and those criteria we deemed the most 
decisive for each stream’s maturity (an assessment of 
all criteria can be found in Appendix A). In the follow
ing, we describe each solution stream, ordered by goals 
for readability.

5.1. Goal 1: ensure that annotators feel 
compensated for their work

Annotation tasks on their own commonly offer little 
inherent rewards or incentives for annotators to per
form them. Annotators often get no feedback on the 
quality of their work and are not the ones that will be 
using the produced annotated data themselves. There
fore, an important goal is to ensure that annotators 
feel compensated for their work.

Solution Stream 1: To ensure that annotators feel 
compensated for their work, provide incentives that sup
port intrinsic motivation. Drawing on self-determi
nation theory, intrinsic motivation describes doing a 
task driven by inherent satisfactions of the task itself 
and not by external rewards (Ryan and Deci 2020). 
In gamified annotation systems, achieving intrinsic 
motivation is considered an important success criterion 
(L’Heureux et al. 2017) that is especially important 
when financial (i.e. extrinsic) incentives lack (Hantke 
et al. 2015; Jin et al. 2020). Therefore, studies fre
quently include incentives that support intrinsic motiv
ation. One such incentive is self-learning, where 

gamification features provide annotators with ways to 
learn and improve their skills (Duhaime et al. 2023), 
for example through a feedback dashboard that allows 
annotators to reflect on their previous annotations 
(Gutiérrez Páez et al. 2021). The reviewed literature 
proposes that incentives such as self-learning can sup
port intrinsic motivation, which allows annotators to 
feel compensated for their work. However, evoking 
intrinsic motivation is difficult: several studies present 
gamified annotation system instantiations that failed 
to evoke intrinsic motivation (Mekler et al. 2013a; 
Mekler et al. 2013b). Moreover, it is inconclusive 
whether aiming to achieve intrinsic motivation is really 
expedient: Several studies report positive effects of 
gamification on instrumental outcomes (e.g. annota
tion quantity; Mekler et al. (2013a); Mekler et al. 
(2013b)), despite no effects on intrinsic motivation. 
Other studies report positive effects such as increased 
engagement when using extrinsic incentives (Feyisetan 
et al. 2015). Ultimately, designing for intrinsic motiv
ation in gamified annotation systems appears difficult, 
and we lack knowledge on how to design incentives 
that are effective in evoking intrinsic motivation and 
can transcend extrinsic incentives. Thus, we consider 
this a low maturity solution stream.

Solution Stream 2: To ensure that annotators feel com
pensated for their work, provide retrospective rewards if 
ground truth is not clear at time of annotation. When 
annotators finish annotating a data instance or a dataset, 
they often expect some form of compensation, other
wise they might get frustrated (Chamberlain, 2014; 
Kicikoglu et al. 2019). Yet, providing adequate compen
sation at the time of annotating can be difficult, as the 
quality of an annotation is often not clear, for example 
if there are no other annotations to compare it to 
(Kicikoglu et al. 2019). To this end, gamification 
elements can be designed as retrospective rewards: 
when finishing an annotation, annotators may receive 
a token amount of points as immediate compensation, 
plus a digital egg, which then hatches and provides 
points once the quality of the annotation can be assessed 
(Kicikoglu et al. 2019). In genreal, studies that applied 
this solution reported positive effects from their instan
tiations (Kicikoglu et al. 2019; Sevastjanova et al. 2021). 
Regarding design guidance, Chamberlain (2014) pre
sents an ‘Annotation-Validation Model’ that can guide 
the design of rewards through retrospective validation 
specifically when ground truth annotations are not 
available. Overall, retrospective rewards through gamifi
cation elements appear to be an effective solution to 
tackle the frequent issue of lacking ground truth, with 
ample design guidance. We thus consider this solution 
stream to be of high maturity.
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5.2. Goal 2: ensure that annotators perceive 
value from using the annotation system

The value of an annotation task (e.g. improving AI 
models in a certain domain) is often not immediately 
visible to annotators (Mekler et al. 2013a). If annotators 
do not perceive value from doing the annotation task, 
they may be less interested in providing high-quality 
annotations, and more in exerting as little effort as 

possible. Therefore, an important goal is to ensure 
that annotators perceive some form of value from inter
acting with an annotation system.

Solution Stream 3. To ensure that annotators perceive 
value from using the annotation system, provide mean
ingful framing of the annotation task. Gamification 
elements can provide meaningful framing for an anno
tation task, most prominently by embedding the task 

Table 10. Overview of gamified annotation system solution streams.

Goal # Gamification-based solution
Solution 
maturity

Contributors (+) & inhibitors (-)  
to solution maturity

Ensure that annotators feel 
compensated for their work

1 Provide incentives that support intrinsic 
motivation

Low + Self-determination theory as an asset to inform design 
− Intrinsic motivation is difficult to design for 
− Inconclusive whether aiming to achieve intrinsic motivation 
in gamified annotation systems is really expedient

2 Provide retrospective rewards if ground 
truth is not clear at time of annotation

High + Effective to circumvent issues from lack of ground truth 
annotations 
+ Existing model to inform design of rewards through 
retrospective validation specifically (Chamberlain, 2014)

Ensure that annotators perceive 
value from using the 
annotation system

3 Provide meaningful framing of annotation 
task

High + Intuitive to implement by embedding annotation task into 
narrative 
+ Strong empirical results for effectiveness from studies in 
manipulation quadrant

4 Hide annotation task behind game Med + Can effectively shift system focus to entertainment, 
providing primarily hedonic value to annotators 
− Unclear where to settle instantiations on game continuum

5 Create meaningful social interactions Med + High potential to support meaningful engagement 
− Several possible negative side effects; lack of design 
guidance on how to avoid or tackle these

Support continuous engagement 6 Provide variety in how to interact with the 
annotation system

High + Almost all gamification elements implicitly provide 
alternative ways to interact with an annotation system 
+ Existing models to support design for variety specifically 
(Kicikoglu et al. 2019)

7 Gradually raise task difficulty Low + Flow theory as an asset to inform design 
− Unclear how to apply solution if ground truth annotations 
are not present to assess difficulty of annotating specific data 
instances

8 Show annotators their annotation progress High + Subtle solution that can be realised through various 
gamification elements 
+ No abstract artifacts; but ample design inspiration from 
existing instantiations with sophisticated progress systems

9 Adapt to individual differences in 
annotators

Low + Several existing user type models to guide design 
− Effectiveness of solution unclear; many neutral or mixed 
empirical results 
− Importance of solution questionable; unclear when worth 
the implementation effort

Shape desirable annotation 
behaviours directly

10 Reinforce (punish) annotation behaviours 
that contribute to increased (decreased) 
annotation quality

Med + Effective to provide feedback to annotators; punishment 
can also tackle cheating behaviour 
+ Intuitive to implement through points systems 
− Punishment can lead to several negative effects; unclear 
how to avoid these negative effects

11 Encourage timely annotation Med + Intuitive to couple gamification elements with annotation 
quantity 
+ Fairly large empirical support for effectiveness 
− Unclear how to avoid jeopardising annotation quality while 
encouraging annotation quantity

Save resources 12 Replace monetary rewards with gamified 
rewards

Med + Easy to implement 
+ Existing model to inform design (Jin et al. 2020) 
− Unclear how to design gamified rewards that are on par 
with monetary rewards

13 Enable crowdsourcing instead of relying on 
expert annotators

Med + Highly prominent to use gamification when crowdsourcing 
annotation tasks 
+ Several existing models to guide creation of gamified 
crowdsourcing applications (Duhaime et al. 2023; 
Friðriksdóttir and Einarsson 2022; L’Heureux et al. 2017) 
− Gamification design rarely focus of studies 
− Specific mechanisms how gamification enables 
crowdsourcing remain unclear
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into a narrative (Mekler et al. 2013a; Toumanidis et al. 
2019) which highlights the collective project goal to 
the annotators (e.g. improving AI in a certain domain; 
Gutiérrez Páez et al. (2021)). Doing so can help annota
tors gain a sense of purpose (Warsinsky et al. 2022) and 
provide value in particular to altruistic annotators as 
they gain the sense that they are contributing to a 
greater goal (Alaghbari et al. 2020, 2021). Empirical 
results support that meaningful framing can increase 
meaningful engagement in gamified annotation systems 
(Gutiérrez Páez et al. 2021). In particular, we found one 
expressive study in the manipulation quadrant by Mek
ler et al. (2013a), which found that when annotators 
were informed through a narrative how their annotation 
would improve science, they provided more sensible 
tags compared to those that were not. Overall, meaning
ful framing is effectively implementable through narra
tives and has strong empirical support that it is effective 
in allowing annotators to perceive value, making this a 
highly mature solution stream.

Solution Stream 4: To ensure that annotators perceive 
value from using the annotation system, hide the annota
tion task behind game elements. As annotation tasks are 
usually considered tedious, annotation systems are 
associated with work or labour (Friðriksdóttir and 
Einarsson 2022). Gamification elements can shift the 
perception of an annotation system to be primarily 
entertainment-focused (Friðriksdóttir and Einarsson 
2022; Gurav, Parkar, and Kharwar 2020), which can 
divert annotators’ awareness that they are doing an 
annotation task (Millour and Fort 2018) and thus 
make the task more compelling and fun (Chortaras et 
al. 2018). This entertainment from game elements can 
then provide hedonic value to annotators (Friðriksdóttir 
and Einarsson 2022; Kicikoglu et al. 2019). Some instan
tiations even go as far as trying to obfuscate from anno
tators that they are performing an annotation task 
altogether. For example, annotators may perceive taking 
images of geolocations not as annotation, but rather ‘as 
a way to capture magical creatures, collect [virtual cur
rency] and compete against others’ (Simões and De 
Amicis 2016, 3). With regard to this solution stream, 
it is important to recognise that instantiations exist on 
a game continuum: while some only include lightweight 
gamification approaches (Millour and Fort 2018), others 
err more towards a full game (Simões and De Amicis 
2016). Positioning on this continuum is an important 
design decision: for example, a more full game approach 
allows for easier hiding of the annotation purpose 
(Simões and De Amicis 2016), but may heighten anno
tators’ expectations regarding the visual fidelity of game 
elements, as full games become the relevant benchmark 
(Hantke, Appel, and Schuller 2018; Mekler et al. 2017). 

Overall, while this solution seems effective, we lack 
design guidance that can inform the positioning on 
the described game continuum. Therefore, we consider 
this solution stream to be of medium maturity.

Solution Stream 5: To ensure that annotators perceive 
value from using the annotation system, create meaning
ful social interactions. As annotation tasks are mostly 
done in teams, a way to create perceived value for 
annotators is to create meaningful social interactions 
(Dumitrache et al. 2013), for example through team 
statistics (Guillot et al. 2016) or leaderboards (Öhman 
et al. 2018). Annotators seeing each other’s work can 
give a sense of visibility (Alaghbari et al. 2020, 2021) 
and serve as a status symbol (Y. M. Chen 2019; Viana 
and Pinto 2017) or allow everyone to feel useful in 
reaching a bigger goal (Balducci and Buono 2018). 
Empirical findings suggest that when annotators look 
at the scores of their peers, they annotate more 
(Dumitrache et al. 2013), and may be motivated to per
form as well as their peers (Jin et al. 2020; Viana and 
Pinto 2017). However, social comparison may also 
cause negative effects: newly joining annotators may 
get frustrated when comparing to annotators that have 
collected scores over a long time (Jauer, Spicher, and 
Deserno 2021; Jin et al. 2020; Warsinsky et al. 2022), 
and annotators that have reached the top of a leader
board may become complacent (Na and Han 2023). 
Moreover, if annotation quality is measured based on 
agreement metrics (as is commonly the case; Bos and 
Nissim (2015); Öhman and Kajava (2018); Viana and 
Pinto (2017)), annotators could over rely on answers 
given by their peers (Dumitrache et al. 2013) and thus 
be inclined to seek the ‘most agreeing’ judgment as 
opposed to the correct one (Megorskaya, Kukushkin, 
and Serdyukov 2015). Ultimately, while social inter
actions are a promising solution, we still lack effective 
design guidance on how to avoid the several potential 
negative effects associated with it. Therefore, we con
sider this solution stream to be of medium maturity.

5.3. Goal 3: support continuous engagement

The repetitive and hardly-challenging nature of annota
tion tasks can make it difficult for annotators to stay 
engaged with the task, causing them to get easily dis
tracted, which can lead to careless or sloppy mistakes. 
Annotators may also disengage with the annotation 
task altogether, leading to shorter annotation sessions 
(Na and Han 2023). Therefore, an important goal in 
gamified annotation systems is to support continuous 
engagement with the annotation task.

Solution Stream 6: To support continuous engage
ment, provide variety in how to interact with the 
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annotation system. By design, annotators go through 
the same annotation process for lots of data instances, 
which can be repetitive and thus lead to mental bore
dom (Hantke, Zhang, and Schuller 2017; Mairittha et 
al. 2021). Gamification elements can provide alternative 
ways to interact with an annotation system (Cao et al. 
2015; Hantke, Appel, and Schuller 2018; Öhman and 
Kajava 2018), for example by allowing annotators to 
play minigames (Warsinsky et al. 2022). Providing 
such variety can increase engagement (Mairittha et al. 
2021) and contribute to longer annotation sessions 
(Na and Han 2023). One caveat to this solution is that 
to not disrupt annotation workflows (Mairittha, Mairit
tha, and Inoue 2019), it is important to identify oppor
tune moments for annotators to engage with 
gamification elements (e.g. between annotation of indi
vidual data instances; Warsinsky et al. (2022)). Regard
ing design guidance, almost all gamification elements 
inevitably offer some degree of variety in system inter
actions, hence almost all gamified annotation system 
instantiations implicitly include this solution. If aiming 
for variety specifically, Kicikoglu et al. (2019) present 
the ‘Motivation-Annotation Paradigm’, which proposes 
to alternate between a motivation phase where the sole 
aim is for annotators to have fun, and an annotation 
phase, where the actual annotations are collected. Over
all, providing variety has shown to be an effective sol
ution to support continuous engagement, with ample 
design guidance, which is why we consider this a highly 
mature solution stream.

Solution Stream 7: To support continuous engage
ment, gradually raise task difficulty. In annotation 
tasks, the skill of the annotator typically exceeds the 
challenge of the task (Dumitrache et al. 2013; War
sinsky et al. 2022), which can lead to boredom and 
less engagement (Mairittha et al. 2021). Literature 
draws on flow theory (Nakamura and Csikszentmiha
lyi 2009) to argue that one solution to this is to gradu
ally increase the task difficulty (Dumitrache et al. 2013; 
Riegler et al. 2015). This was most prominently 
implemented through points systems, where annotat
ing more difficult data instances yields more points 
(Dumitrache et al. 2013; L’Heureux et al. 2017), but 
also by introducing time pressure (Vecchio et al. 
2020) or progressively more difficult levels (Plappert, 
Mandery, and Asfour 2016; Riegler et al. 2015). For 
some studies it seemed easy to measure the difficulty 
of annotating individual data instances (e.g. Hantke 
et al. 2015; Riegler et al. 2015). However, those studies 
that did not feature ground truth annotations 
remarked on the struggle of indicating difficulty 
(Viana and Pinto 2017), and had to come up with 
sophisticated formalisations of difficulty scores 

(Dumitrache et al. 2013) or resort to manual allocation 
of points to data instances (L’Heureux et al. 2017). 
Therefore, gradually increasing task difficulty only 
appears to be a useful solution if ground truth data 
is present, which is however not the case in most 
annotation tasks. Thus, while conceptually effective 
in tackling boredom, we lack insights how to increase 
task difficulty in annotation tasks where ground truth 
data is not present. Therefore, we consider this a low 
maturity solution stream.

Solution Stream 8: To support continuous engage
ment, show annotators their annotation progress. Anno
tators often have an inherent desire to know how much 
they have done (Plappert, Mandery, and Asfour 2016). 
Thus, fostering a sense of progression may motivate con
tinued efforts (Mairittha et al. 2021) and nudge annota
tors toward completion of a task (Feyisetan et al. 2015). 
Many gamification elements lend themselves well to por
tray progress: this solution stream includes many studies 
situated in the construction quadrant, which feature var
ious gamification elements to implement progress sys
tems, including progress bars (Alaghbari et al. 2020; 
Feyisetan et al. 2015), points (Hantke, Appel, and Schuller 
2018; Mairittha et al. 2021), trophies (Guillot et al. 2016) 
or levelling systems (Plappert, Mandery, and Asfour 
2016). Evaluations of the created gamified annotation sys
tem instantiations are largely positive (e.g. positive effects 
on annotation quantity; Gutiérrez Páez et al. 2021; Mekler 
et al. 2017), yet there are little investigations into the 
effects of progress indicators specifically. Instantiations 
in this stream feature several gamification elements that 
realise sophisticated progress systems at different levels 
of abstraction (Alaghbari et al. 2020; Feyisetan et al. 
2015; Jin et al. 2020): badges can for example indicate pro
gress on individual annotation subtasks, and a leader
board can indicate global progress (Tzerefos et al. 
2022). Ultimately, showing progress appears to be a 
subtle, yet effective solution. Despite the lack of abstract 
artifacts, the vast number of instantiations in this stream 
provide ample inspiration for designing progress systems 
through gamification elements. Hence, we consider this a 
high maturity solution stream.

Solution Stream 9: To support continuous engage
ment, adapt to individual differences in annotators. 
Gamified annotation systems may be used by a hetero
geneous group of annotators with varying preferences 
and levels of expertise, which may require different 
gamification elements to continuously engage them 
(Dumitrache et al. 2013; Hantke et al. 2019). Thus, 
one solution is to adapt gamification elements to indi
vidual differences in annotators, either by tailoring 
them to individual annotators, or by allowing annota
tors to customise them (Lessel et al. 2022; Sevastjanova 
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et al. 2021). For this solution stream, a valuable design 
resource are user type models such as the gamification 
user type Hexad (Altmeyer et al. 2022; Y. M. Chen 
2019), which even provides explicit suggestions on 
what gamification elements to include for which user 
type (Tondello et al. 2016). The general premise is 
that adapting gamification elements to individual pre
ferences can improve continuous engagement and 
improve annotation quality and quantity (Altmeyer et 
al. 2022; Y. M. Chen 2019; Dumitrache et al. 2013). 
However, descriptive knowledge from several exper
iment studies in the manipulation (e.g. Altmeyer et al. 
2022; Feyisetan et al. 2015) and elucidation quadrants 
(e.g. Y. M. Chen 2019; Hantke et al. 2019) does not 
fully support this premise. For example, when compar
ing the effects of tailored and counter-tailored versions 
of a gamified annotation system, Altmeyer et al. (2022) 
found that tailoring significantly increased user enjoy
ment and affective experiences yet had no effect on 
annotation quality or quantity. Other studies found no 
(Lessel et al. 2019; Lessel et al. 2022) or even negative 
(Schubhan et al. 2020) effects of adaptivity on annota
tion quality, while effects on annotation quantity were 
positive (Lessel et al. 2019; Schubhan et al. 2020) or neu
tral (Lessel et al. 2022). Remarkably, in one study (Lessel 
et al. 2022), annotators themselves sometimes described 
the adaptivity as unnecessary. Overall, adapting gamifi
cation elements is an intuitive solution and user type 
models like Hexad provide solid design guidance. How
ever, even when using existing design guidance to create 
instantiations, the effectiveness of this solution remains 
questionable. Therefore, we consider this a low maturity 
solution stream.

5.4. Goal 4: shape desirable annotation 
behaviours directly

As a part of creating meaningful engagement, gamified 
annotation systems should not only indirectly support 
instrumental outcomes through relevant experiential 
outcomes, but also support instrumental outcomes 
directly (Liu, Santhnam, and Webster 2017). In gamified 
annotation systems, instrumental outcomes are princi
pally annotation-related (e.g. annotation quality); thus, 
we subsume them as the goal to shape desirable annota
tion behaviours directly.

Solution Stream 10: To shape desirable annotation 
behaviours directly, reinforce (punish) annotation beha
viours that contribute to increased (decreased) annota
tion quality. The first solution to this goal is to 
reinforce behaviours that contribute to annotation qual
ity and correspondingly punish behaviours that contrib
ute to decreased annotation quality. In the reviewed 

literature, the by far most prevalent gamification 
approach to do so is to use point systems, where points 
are awarded for correct annotations (e.g. Hantke et al. 
2015), and deducted for wrong annotations (e.g. 
Huang and Hamarneh 2017; Jauer, Spicher, and 
Deserno 2021). Such feedback can form a clear connec
tion between annotators’ effort and performance 
(Mekler et al. 2017) and provide feelings of accomplish
ment (Feyisetan et al. 2015). When it is difficult to define 
what a correct annotation is, other behaviours may 
instead be reinforced: For example, annotators can be 
‘upgraded to a shiny new avatar’ (Feyisetan et al. 2015, 
336) when continuing an annotation session instead of 
exiting. This stream features a large range of instantia
tions from studies in the construction quadrant, 
whose evaluations generally suggest positive effects of 
reinforcement and punishment (e.g. Feyisetan et al. 
2015; Walter, Kölle, and Collmar 2022), yet also raise 
some concerns regarding punishment features. Punish
ment can be an effective way to dissuade cheating 
behaviour (Mairittha and Inoue 2018; Mekler et al. 
2013b), but can also discourage annotators and lead to 
them disengaging with an annotation system altogether 
(Eryiğit, Şentaş, and Monti 2022), especially when just 
starting out an annotation task (Fort et al. 2020). Over
all, reinforcement is a more consistent solution, while 
punishment features are riskier yet potentially valuable 
against cheating behaviour. For this solution stream to 
mature, we require additional insights on how to design 
gamification elements in a way that avoids the potential 
negative effects from punishment. Ultimately, we con
sider this a medium maturity solution stream.

Solution Stream 11: To shape desirable annotation 
behaviours directly, encourage timely annotation. 
While annotation quality is often considered the main 
instrumental outcome of gamified annotation systems 
(e.g. Warsinsky et al. 2022), it is also desirable for annota
tors to finish their annotations in a timely manner, 
especially when annotators are only available for a short 
amount of time (e.g. medical experts; Dumitrache et al. 
2013; Warsinsky et al. 2022). To this end, it is an intuitive 
approach to couple gamification elements with annota
tion quantity, for example by providing points (Lessel et 
al. 2019) or badges for adding annotations (Chortaras et 
al. 2018). There are several empirical results that gamifi
cation elements can increase annotation quantity by sup
porting annotators’ engagement to provide more 
annotations (Anagnostou, Mollas, and Tsoumakas 
2018), thus reducing the time for individual annotations 
(Mekler et al. 2013b; Na and Han 2023) and for the anno
tation task overall (Huang and Hamarneh 2017). While 
some studies present gamified annotation system instan
tiations that support both annotation quantity and 
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annotation quality at the same time (Mairittha and Inoue 
2018), higher annotation quantity may however be 
associated with lower annotation quality (Mekler et al. 
2017). Yet, at present there is little guidance on how to 
design gamification approaches that support both anno
tation quality and timely annotation at the same time. 
Therefore, we overall consider this solution stream to 
be of medium maturity.

5.5. Goal 5: save resources

Annotating datasets requires a substantial amount of 
resources (e.g. money to pay annotators), which are 
often scarce in sectors where annotation is important 
(e.g. cultural heritage preservation; Ivanjko 2019; Tou
manidis et al. 2019). Therefore, an important goal of 
gamifying an annotation system is to save resources. 
We found two associated solutions.

Solution Stream 12: To save resources, replace mon
etary rewards with gamified rewards. Reimbursing 
annotators often requires a lot of financial resources, 
especially when needing many annotators or expert 
annotators (Dumitrache et al. 2013; Warsinsky et al. 
2022). Hence, to save money, a popular solution is to 
replace monetary rewards with gamified rewards (e.g. 
Feyisetan et al. 2015; Friðriksdóttir and Einarsson 
2022; Ivanjko 2019; Öhman and Kajava 2018). Many 
gamification elements such as points or badges are 
easy to implement as one-to-one substitutes for monet
ary rewards in gamified annotation systems (e.g. Hantke 
et al. 2015). Jin et al. (2020) present a model of monetary 
payment mechanisms for annotators (e.g. team con
tests), which are also mostly transferable to gamified 
rewards and can thus inform the design of gamified 
annotation systems. Generally, gamified rewards are 
associated with promising results (e.g. having a good 
cost–benefit ratio; Jauer, Spicher, and Deserno 2021). 
Yet, when directly comparing the effectiveness of mon
etary rewards and gamified rewards as furtherance 
incentives (i.e. incentives offered to annotators when 
they seek to quit the annotation task to induce them 
to continue), Feyisetan et al. (2015) found that monetary 
rewards beat gamified rewards convincingly. It cur
rently remains unclear how to design gamified rewards 
so they can serve as a one-to-one replacement for mon
etary rewards. Thus, while gamified rewards are easy to 
implement and successfully applied by many existing 
instantiations, we consider this a medium maturity sol
ution stream.

Solution Stream 13: To save resources, enable 
crowdsourcing instead of relying on expert annotators. 
Some annotation tasks require expert annotators to per
form them adequately, which are costly to acquire (e.g. 

medical experts for medical images; Dumitrache et al. 
2013; Warsinsky et al. 2022). Against this backdrop, 
many studies in the reviewed literature suggest that 
gamification enables the use of crowdsourcing as an 
alternative to expert annotators (e.g. Duhaime et al. 
2023; Hantke et al. 2015; Ivanjko 2019). Gamification 
‘provides the possibility of involving large numbers of 
users’ (Rosani, Boato, and De Natale 2015, 1363) and 
aligns well with crowdsourcing annotation practices 
(e.g. obtaining multiple annotations per data instance; 
Jauer, Spicher, and Deserno 2021). We found several 
abstract artifacts related to this solution, including a 
framework to guide composition of crowd-truth gather
ing workflows (Dumitrache et al. 2013), a model to 
guide the creation of gamified crowdsourcing apps 
(Friðriksdóttir and Einarsson 2022) and a framework 
for acquisition of sensor data annotation from crowd
sourcing using gamification (L’Heureux et al. 2017). 
Despite most of the reviewed studies featuring a 
crowd as annotators and the existence of three abstract 
artifacts in this stream, we lack insights into the mech
anisms of how gamification specifically enables crowd
sourcing. Most studies in this stream focus on aspects 
related to replacing expert annotators with a crowd 
(e.g. Dumitrache et al. 2013), and do not go in-depth 
into their gamification design. Overall, the existing 
abstract artifacts along with the multitude of gamified 
annotation system instantiations applied to crowd
sourced annotation tasks provide ample design inspi
ration and appear to work well. However, for this 
solution stream to mature, we require more detailed 
insights into how gamification specifically enables 
crowdsourcing. Therefore, we consider this stream to 
be medium maturity.

6. Discussion

6.1. Towards more mature design knowledge on 
gamified annotation systems

This study aimed to capture the current state and 
maturity of design knowledge on gamified annotation 
systems and pave the way to derive more complete 
and mature design knowledge on gamified annotation 
systems. We summarise our key findings in Table 11.

Interpreting our results on artifact types and design 
research activities at face value suggests that design 
knowledge on gamified annotation systems is imma
ture: much of the research still centres around the cre
ation and evaluation of new instantiations in specific 
individual and situational contexts, while abstract 
design artifacts are few and there is little observation 
of existing artifacts. However, we noticed a 
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comparatively large amount of descriptive knowledge 
in the reviewed literature, mostly stemming from 
studies that did experiments with instantiations in 
the manipulation quadrant (e.g. studies on leader
boards; Lessel et al. 2022; Na and Han 2023). Much 
of this knowledge could in principle be applied to 
the design of gamified annotation systems in general, 
yet it remains unclear whether this is appropriate. 
Therefore, we find ourselves in a position where we 
have lots of scattered ‘tentative’ knowledge which 
could form the base of new knowledge strands on 
gamified annotation systems, which however have 
not been individually matured or cumulated.

Looking at the derived solution streams reveals 
large discrepancies in terms of maturity. While some 
solution streams may be considered mature (e.g. 
meaningful framing to provide hedonic value), we 
identified three overarching inhibitors to solution 
stream maturity, which also relate to gamification 
research in general. First, for some solutions, it was 
unclear whether they are important and effective in 
addressing their associated goal. These solutions 
reflect ongoing or fairly recent discourses in gamifica
tion research: For example, the solution adapting to 
individual differences in annotators reflects the ongoing 
call in gamification research to move from one-size- 
fits-all gamification to approaches adapted to individ
ual users (Chan et al. 2024; Sezgin and Yüzer 2022). 
This suggests that although gamification research 
these days is mostly centred around understanding 

the inner workings of gamification (Koivisto and 
Hamari 2019; Nacke and Deterding 2017), for some 
solutions in gamified annotation systems, it may be 
worthwhile to take a step back and return to the ques
tion of ‘does it work?’ (Hamari, Koivisto, and Sarsa 
2014). The second inhibitor we found was a lack of 
design guidance on avoiding negative side effects of 
gamification. Negative side effects or risks of gamifica
tion are an important discourse in gamification 
research (Toda, Valle, and Isotani 2017), usually 
associated with ethical considerations (Tseng et al. 
2023). Research on human intelligence tasks (like 
annotation; Berg et al. 2018) has also voiced ethical 
concerns that gamification could contribute to exploit
ing workforces by motivating people to work more for 
less pay and encouraging unpaid labour (Ferrer-Conill 
2018; Kim 2018). To this end, our reviewed literature 
often acknowledges risks of gamification (e.g. 
unwanted social comparison; Jin et al. (2020) or cheat
ing; Mairittha and Inoue (2018)) and that there are 
important ethical implications when gamifying anno
tation tasks (Friðriksdóttir and Einarsson 2022; 
Gurav, Parkar, and Kharwar 2020). However, findings 
here are not conclusive: while most studies appear to 
implicitly share the aforementioned concerns about 
gamification exploiting workforces, some propose 
that gamification can even resolve some of these ethi
cal considerations (Gurav, Parkar, and Kharwar 2020). 
Overall, this highlights the complexity of ethical con
siderations around gamification and emphasises the 

Table 11. Summary of key findings.
Perspective Previous research gaps Our approach & key findings

Artifact types & design 
research activities

Research on gamified annotation system artifacts is scattered 
across annotation domains, featuring different annotation 
purposes, annotators, and gamification elements. We lack an 
overview of relevant design artifacts and research activities.

. Using the framework of DSR artifact types (Gregor and Hevner 
2013) and the DRA framework (Maedche, Gregor, and Parsons 
2021), we describe the landscape of artifacts and design 
research activities in research on gamified annotation 
systems.

. Current research on gamified annotation systems centres 
around the creation and evaluation of new instantiations in 
specific contexts.

. Abstract artifacts lack and existing artifacts are rarely re-used, 
which inhibits build-up of cumulative design knowledge for 
gamified annotation systems as a whole.

Gamification solution 
streams

A number of gamified annotation system instantiations are 
scattered across literature. We lack insights into relevant 
gamification solutions and whether and if so, how existing 
design knowledge ingrained into instantiations is mature 
enough to apply to gamified annotation systems as a whole.

. We derived and gauged the maturity of 13 solution streams, 
which provide a comprehensive overview of the gamified 
annotation system solution space.

. Our investigation of solution stream maturities reveals that 
the main inhibitors for mature design knowledge are that we 
lack (1) insights into the effectiveness of some solutions, (2) 
design guidance on how to avoid negative effects of 
gamification, and (3) abstract design artifacts that provide 
actionable design prescriptions.

. For research to create more mature design knowledge on 
gamified annotation systems, we recommend to (1) move 
beyond the creation of new instantiations as the major 
research activity and (2) focus on the creation of prescriptive 
knowledge.

BEHAVIOUR & INFORMATION TECHNOLOGY 17



importance of understanding ‘the dark side of 
gamification’ (Toda, Valle, and Isotani 2017) to sup
port successful gamification design. Lastly, we found 
several solution streams to be inhibited by the lack 
of actionable design guidance for specific solutions. 
While many streams included studies that provided 
insightful descriptive knowledge into the inner work
ings of specific solutions, this was rarely supported 
by actionable design prescriptions that could help to 
implement these solutions into real-world systems. In 
some solution streams, this was compensated by a 
plethora of existing instantiations which could serve 
as inspiration on a solution (e.g. showing progress) or 
by gamification elements being very intuitive to 
implement (e.g. providing variety). Overall, this is 
reflective of the overall state of gamification research, 
where historically research efforts still focus on creat
ing descriptive knowledge to gain a deeper under
standing of the inner workings of gamification 
(Koivisto and Hamari 2019; Nacke and Deterding 
2017). While such deeper insights into the inner work
ings of gamification are valuable, our findings support 
the notion that for a more complete design knowledge 
base, gamification research should complement the 
vast base of existing descriptive knowledge with 
equally mature prescriptive knowledge to inform arti
fact design.

Based on our findings, we formulate two explicit rec
ommendations to create more mature design knowledge 
for gamified annotation systems. First, we recommend 
that research on gamified annotation systems should 
aim to transcend the creation of new instantiations as 
the major research activity. This includes shifting from 
creating artifacts in individual and situational contexts 
to deploying existing artifacts in different context, while 
also striving to replace instantiations as the go-to artifact 
of investigation in favour of more abstract artifacts like 
models or design principles (Gregor and Hevner 2013). 
Doing so would allow researchers to cumulate the valu
able design knowledge ingrained in existing gamified 
annotation system instantiations to more clearly delin
eate boundaries (i.e. does the knowledge hold outside of 
specific application domains?; Gregor and Hevner 
2013). Second, we recommend research on gamified 
annotation systems to focus on the creation of prescrip
tive knowledge, with a particular emphasis on actability 
of design prescriptions (Iivari, Rotvit Perlt Hansen, and 
Haj-Bolouri 2021). While we have a good understanding 
of several solutions (i.e. descriptive knowledge), we lack 
actionable design prescriptions to turn this understand
ing into solutions in real-world systems. More mature 
prescriptive knowledge would even the scales and support 
the exchange between descriptive and prescriptive 

knowledge bases that is vital in the creation of mature 
design knowledge bases (Gregor and Hevner 2013; 
Vom Brocke, Hevner, and Maedche 2020).

6.2. Contributions to research and practice

Our study makes several contributions to research and 
practice. Principally, our derived solution streams com
prehensively capture the solution space associated with 
gamified annotation systems. By clearly marking out 
these solution streams, we move beyond fragmented 
insights on gamified annotation systems to allow 
researchers and practitioners to effectively leverage extant 
design knowledge. For research, we highlight those sol
ution streams that still lack maturity and provide insights 
into the reasons for this. Thereby, we effectively showcase 
how the maturity of individual solution streams can be 
strengthened and provide a strong foundation for the cre
ation of more mature design knowledge on gamified 
annotation systems. Compared to previous literature 
reviews in related domains like gamified crowdsourcing 
(Morschheuser et al. 2017) or gamified learning technol
ogies (Carmichael, MacEachen, and Archibald 2022), our 
findings are specific to gamified annotation systems as a 
distinct system class. Thereby, our findings are not lim
ited to specific annotation domains or annotators but cap
ture the state of design knowledge on gamified annotation 
systems as a whole. By going beyond an overview and 
instead giving insights into the maturity of individual sol
ution streams, we highlight effective ways to build more 
sophisticated frameworks or theory on gamified annota
tion systems. To this end, the explicit recommendations 
from the previous section also provide abstract guiding 
principles for effective research designs on gamified 
annotation systems as a whole.

Our findings also offer a valuable perspective on the 
maturity and scholarly progression of gamification 
research. Researchers have recently identified a ‘second 
wave’ of gamification research which is characterised by 
substantial increases in methodological rigour and the 
creation of full-fledged theories (Koivisto and Hamari 
2019; Nacke and Deterding 2017). However, most of 
this research focuses on questions about how gamifica
tion works (Nacke and Deterding 2017); therefore, 
knowledge advancements constitute mostly descriptive 
knowledge. In contrast, our study in the context of 
gamified annotation systems reveals a maturity gap of 
prescriptive knowledge. Much of the existing prescrip
tive knowledge remains tied to isolated instantiations, 
with limited efforts to create more abstract artifacts. 
To foster a comparable second wave of gamification 
research for prescriptive knowledge, scholars should 
seek to transcend instantiations and work towards 
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developing more abstract design artifacts such as design 
principles or design theory. Such artifacts could provide 
actionable prescriptions across a range of gamification 
contexts (Gregor and Hevner 2013). To this end, we 
think that our recommendations from the previous sec
tion can also help to build a more mature prescriptive 
knowledge base for gamification design in general. By 
doing so, our study contributes to the broader efforts 
of elevating gamification design research to a new 
level of theoretical and practical maturity.

For practitioners seeking to create gamified annota
tion system instantiations, our findings break down 
the gamified annotation system design space into man
ageable solution streams, which outline solutions that 
can be individually integrated into gamified annotation 
system designs based on design goals. By outlining the 
contributors and inhibitors to the maturity of individual 
solution streams, we allow practitioners to see which 
solution streams are mature enough to be effectively 
employed in practice and which solutions warrant 
some care when implementing them in practice. More
over, our findings pave the way for actionable prescrip
tions on creating gamified annotation system 
instantiations in practice. Thereby, we help to establish 
gamification as a promising and valuable tool to support 
manual AI training data annotation tasks, and ulti
mately contribute to the development of more success
ful gamified annotation systems in practice.

6.3. Limitations & future research

We acknowledge several limitations of our study, which 
also open avenues for future research. First, we only 
engaged with existing gamified annotation system arti
facts in literature. While we think scientific literature 
hosts the main source of design knowledge on this topic, 
we acknowledge that important discourses surrounding 
AI training data annotation tools and artifacts are happen
ing in other sources than scientific papers, such as blog 
posts (e.g. Alvi 2024) or organisation websites (e.g. Super
Annotate 2023). Therefore, future research may find it 
useful to include other knowledge sources aside from 
scientific literature. Another limitation of our study is 
our lack of research context. To provide a comprehensive 
overview of existing design knowledge, we chose to inves
tigate gamified annotation systems as a whole, instead of 
in specific annotation contexts (e.g. medical image anno
tation). As such, our results may not portray the state of 
knowledge in specific AI training data annotation con
texts, as we may have missed some resources in these 
specific contexts (e.g. annotation guidelines specifically 
for medical image annotation; Rädsch et al. 2023). 
While we think it is important to abstract design 

knowledge away from individual contexts, future research 
may find it useful to tune into specific contexts to investi
gate specific gamification design elements.

Furthermore, for the present study, we deliberately 
focused on deriving solution streams for the system class 
of gamified annotation systems. Accordingly, our findings 
are also limited to the scope of gamified annotation sys
tems. However, we did identify some resemblances 
between the discourses in the solution streams and ongoing 
discourses in gamification research (e.g. on negative side 
effects of gamification; Tseng et al. 2023), which indicate 
that some of our findings may be generalisable to gamified 
IS as a whole. While this study sought to contribute specifi
cally to gamified annotation systems research, we therefore 
invite future research to use our findings to build higher- 
level frameworks that could generalise to other types of 
gamified IS, possibly by using established theoretical frame
works in gamification research (e.g. self-determination the
ory; Ryan and Deci 2020).

Lastly, while we adopted a DSR perspective in this 
paper and think that our results can provide valuable 
starting points in designing gamified annotation sys
tems, our study does not provide actionable design pre
scriptions on how to create such artifacts. We think it is 
vital that future research takes up our results and creates 
actionable prescriptions for prospective designers of 
gamified annotation systems, for example in the form 
of design principles (Iivari, Rotvit Perlt Hansen, and 
Haj-Bolouri 2021).

7. Conclusion

Gamification is a valuable means to motivate and 
engage annotators to support the creation of high- 
quality AI training data. Our study highlights that con
temporary research on gamified annotation systems 
focuses mostly on the creation and evaluation of 
instantiations, while mature design artifacts lack. 
While these instantiations have laid a valuable corner
stone, a crucial next step in building a mature design 
knowledge base for gamified annotation systems is to 
now heighten the abstraction level and build artifacts 
that can inform the design of gamified annotation sys
tems as a class of systems. It remains to be investigated 
how well the knowledge ingrained in existing instan
tiations translates to the design of gamified annotation 
systems in general.
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Appendix A. Overview of solution stream maturity criteria for all solution streams

We assessed the maturity of each solution based on the presence of abstract artifacts surrounding the solution, design research 
activities in the solution stream, the presence of justificatory knowledge, knowledge on the effectiveness of the solution and the 
solution’s implementability. The following table provides an overview of our assessment of each of these criteria for each solution. 
Note that while most criteria can have a positive or negative impact on solution stream maturity, we decided to value it as neutral 
if there are no abstract artifacts to inform the design of a specific solution. We did so as we sought to evaluate the maturity of 
individual solution streams relative to the gamified annotation system design knowledge base as a whole, where abstract artifacts 
generally lack.

# Solution stream

Presence of 
abstract artifacts 

in domain
Design research 

activities

Presence of 
justificatory 
knowledge

Knowledge on 
effectiveness of 

solution Implementability
Solution 
maturity

1 To ensure that 
annotators feel 
compensated for 
their work, provide 
incentives that 
support intrinsic 
motivation.

o No abstract 
artifacts to 
inform design

+ Several insightful 
studies in 
manipulation 
and elucidation 
quadrant

+ Self- 
determination 
theory as an 
asset to inform 
design 
o Average detail 
level in design 
rationales

+ Lots of empirical 
results on this 
solution specifically 
− Inconclusive 
whether aiming to 
achieve intrinsic 
motivation in 
gamified annotation 
systems is really 
expedient

− Intrinsic motivation is 
difficult to design for 
− Little design guidance 
on solution specifically

Low

2 To ensure that 
annotators feel 
compensated for 
their work, provide 
retrospective 
rewards if ground 
truth is not clear at 
time of annotation.

+ Existing model 
to inform 
design of 
rewards 
through 
retrospective 
validation 
specifically

o Most studies in 
construction 
quadrant, few 
studies in other 
quadrants

o Average detail 
level in design 
rationales

+ Effective to 
circumvent issues 
from lack of ground 
truth annotations 
+ Generally positive 
empirical results on 
instantiations using 
this solution 
− Little empirical 
results for this 
solution specifically

+ Actionable design 
guidance from existing 
model

High

3 To ensure that 
annotators perceive 
value from using the 
annotation system, 
provide meaningful 
framing of the 
annotation task.

o No abstract 
artifacts to 
inform design

+ Several insightful 
studies in 
manipulation 
quadrant

+ Detailed design 
rationales on 
solution 
specifically

+ Strong empirical 
results for 
effectiveness 
+ Empirical results on 
this solution 
specifically

+ Intuitive to implement 
by embedding 
annotation task into 
narrative

High

4 To ensure that 
annotators perceive 
value from using the 
annotation system, 
hide the annotation 
task behind game 
elements.

o No abstract 
artifacts to 
inform design

− Almost 
exclusively 
studies in the 
construction 
quadrant

+ Detailed design 
rationales on 
solution 
specifically

+ Generally positive 
empirical results on 
instantiations using 
this solution 
− Little empirical 
results on this 
solution specifically  

− Lack of design 
guidance that informs 
positioning on game 
continuum

Med

5 To ensure that 
annotators perceive 
value from using the 
annotation system, 
create meaningful 
social interactions.

o No abstract 
artifacts to 
inform design

o Most studies in 
construction 
quadrant, few 
studies in other 
quadrants

o Design rationales 
mostly on overall 
artifact; little 
rationales for 
solution 
specifically

+ Mostly positive 
empirical results 
− Several possible 
negative side effects 
identified

− Lack of design 
guidance on how to 
avoid potential 
negative effects 
associated with this 
solution

Med

6 To support continuous 
engagement, 
provide variety in 
how to interact with 
the annotation 
system.

+ Existing model 
to support 
design for 
variety 
specifically

o Most studies in 
construction 
quadrant, few 
studies in other 
quadrants

o Design rationales 
mostly on overall 
artifact; little 
rationales for 
solution 
specifically

+ Generally positive 
empirical results on 
instantiations using 
this solution 
− Little empirical 
results on this 
solution specifically

+ Intuitive to 
implement: almost all 
gamification elements 
introduce variety 
+ Design guidance from 
existing model 
+ Design guidance on 
avoiding negative side 
effects

High

(Continued ) 
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Continued.

# Solution stream

Presence of 
abstract artifacts 

in domain
Design research 

activities

Presence of 
justificatory 
knowledge

Knowledge on 
effectiveness of 

solution Implementability
Solution 
maturity

7 To support continuous 
engagement, 
gradually raise task 
difficulty.

o No abstract 
artifacts to 
inform design

o Most studies in 
construction 
quadrant, few 
studies in other 
quadrants

+ Flow theory as 
an asset to 
inform design 
o Design 
rationales mostly 
on overall 
artifact; little 
rationales for 
solution 
specifically

+ Conceptually 
effective 
− Little empirical 
results

+ Intuitive to implement 
through points systems 
− Unclear how to 
implement solution if 
ground truth 
annotations are not 
present to assess 
difficulty of annotating 
specific data instances

Low

8 To support continuous 
engagement, show 
annotators their 
annotation 
progress.

o No abstract 
artifacts to 
inform design;

+ Large range of 
instantiations in 
construction 
quadrant using 
this solution 
o Most studies in 
construction 
quadrant, few 
studies in other 
quadrants

o Design rationales 
mostly on overall 
artifact; little 
rationales for 
solution 
specifically

+ Generally positive 
empirical results on 
instantiations using 
this solution 
− Little empirical 
results on this 
solution specifically

+ Intuitive to implement 
through various 
gamification elements

High

9 To support continuous 
engagement, adapt 
to individual 
differences in 
annotators.

o No abstract 
artifacts to 
inform design

+ Several insightful 
studies in the 
manipulation 
quadrant

+ Several existing 
user type models 
to guide design; 
for example, 
gamification user 
type Hexad

+ Several empirical 
results on solution 
specifically 
- Many neutral or 
mixed empirical 
results 
- Importance of 
solution 
questionable;

+ User type models 
guide which 
gamification elements 
suit each user type 
- Usually large 
implementation 
efforts required

Low

10 To shape desirable 
annotation 
behaviours directly, 
reinforce (punish) 
annotation 
behaviours that 
contribute to 
increased 
(decreased) 
annotation quality.

o No abstract 
artifacts to 
inform design

o Most studies in 
construction 
quadrant, few 
studies in other 
quadrants 
+ Large range of 
instantiations in 
construction 
quadrant using 
this solution

+ Detailed design 
rationales on 
solution 
specifically

+ Generally positive 
empirical results on 
instantiations using 
this solution 
+ Effective to 
provide feedback to 
annotators and 
tackle cheating 
behaviour 
- Unclear how to 
avoid negative side 
effects from 
punishment

+ Intuitive to implement 
through points 
systems

Med

11 To shape desirable 
annotation 
behaviours directly, 
encourage timely 
annotation.

o No abstract 
artifacts to 
inform design

o Most studies in 
construction 
quadrant, few 
studies in other 
quadrants 
+ Large range of 
instantiations in 
construction 
quadrant using 
this solution

o Design rationales 
mostly on overall 
artifact; little 
rationales for 
solution 
specifically

+ Several empirical 
results on solution 
specifically 
+ Empirical results 
largely positive 
- Several studies 
with negative 
effects on 
annotation quality

+ Intuitive to implement 
by coupling 
gamification elements 
with annotation 
quantity 
- Unclear how to avoid 
jeopardising 
annotation quality 
while encouraging 
annotation quantity

Med

12 To save resources, 
replace monetary 
rewards with 
gamified rewards.

+ Existing model 
to inform 
design

o Most studies in 
construction 
quadrant, few 
studies in other 
quadrants

+ Detailed design 
rationales on 
solution 
specifically

- Several empirical 
results that 
monetary rewards 
outperform 
gamified rewards

+ Intuitive to replace 
monetary rewards 
with gamified rewards 
one-to-one

Med

13 To save resources, 
enable 
crowdsourcing 
instead of relying on 
expert annotators.

o Several existing 
abstract 
artifacts, but 
abstract 
artifacts are 
only 
tangentially 
related to 
gamification

o Most studies in 
construction 
quadrant, few 
studies in other 
quadrants 
+ Large range of 
instantiations in 
construction 
quadrant using 
this solution

- Mostly abstract 
design 
rationales; 
unclear why 
solution works 
the way it does

+ Several empirical 
results on replacing 
expert annotators 
with crowd 
- Little empirical 
results related to 
gamification 
- Specific 
mechanisms how 
gamification 
enables 
crowdsourcing 
remain unclear

+ Ample design 
inspiration from many 
existing instantiations

Med
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