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Abstract

Progressive institutions are those which include strategic interests of their constituents
along with their own. While the interest to expaardl develop metrics in this area has been
expressed, the application thereof is constrai@ee reason for this is the lack of appropriate
indicators. Well-being, or the experience of feglgood and functioning effectively, is well-
positioned to become this indicator. Highly gramui@ces of well-being can be extracted
from digital footprints left in online social medi&iven the predominance of the online self
in the Internet age, such data is abundant andfaldnBefore well-being can be applied
several challenges need to be addressed. In garti¢his includes the operationalizing of
well-being measurements, the creation of a suitabiplementation framework, the
identification and refinement of suitable data, &mel technical application of a platform for
the implementation of such a system.

In this thesis, the challenges of defining, refipimnd applying well-being as a progressive
management indicator are addressed. The thesipagms these challenges from a service
logic perspective, namely transformative servicgeagch. The first part defines well-being
and shows the usefulness of integrating well-bémg the service value chain. The second
part of the thesis concentrates on case studietyiagpinformation-driven well-being
assessments to online social media data. The thdsmrates an unobtrusive data extraction
and evaluation model entitled the Social Obseryatdfith a Social Observatory, it becomes
possible to view highly granular, very personalizizda left in digital traces by online social
media users. For highly frequent and low-cost assents of well-being, text analytics and
sentiment analysis are proposed and evaluatedsitdintext. The thesis shows that sentiment
analysis provides reliable well-being data with loegearch(er) bias that can be viewed from
many granularity levels. A subsequent finding iis thesis is that is it possible to mitigate the
bias introduced by individuals in their online pled by isolating aspects of the users’
personality.

The final part of this thesis holistically invesiigs a university’s online social media network
for its digital traces of communal well-being. Toerresponding case study established that
communal well-being can be detected and isolatecaragndicator. Well-being, whilst
generally existing as a baseline, is observed lgasiikes and dips that are directly related to
events and incidents impacting the campus community particular, the concept of
communal belongingness is a representative proxgonfmunal well-being; its longitudinal
observation can be implemented as a tool of pregrecommunity management.

This work’s implications and contributions are Highlielevant for service research as it
advances the integration of consumer well-beingthrdservice value chain. It also provides
a substantial contribution to policy and strategianagement by integrating constituents’
values and experiences with recommendations fagrpssive community management.
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Chapter | Introduction

“Happiness is based on a just discrimination of wisanecessary, what is neither necessary nor
destructive, and what is destructive.”

The Ones Who Walk Away from Omelas (Le Gain, 1973)

1.1 Motivation: Well-being in Institutional Management

ithout a doubt, the characteristics of the modaronemy are that services are

more foundational than evesgtvicitizatior), modern institutions are more and

more concerned with (human) factors outside ofitataifity (humanizatiop and
that the Internet has become the kingmaker ofl ifdiditalizatior). The internet has enabled
service providers to migrate and proliferate onliag barriers to market entrance are
significantly lowered QECD 2010). It has also increased the stakes of itigtital reputation
maintenance by increasing transparency and patioip where institution is broadly
defined as any persistent structure(s) that goudeehavior (e.g., governments, social
networks, companies) (Auer 2011; Friedman, Kahpaird Borning 2003; Friedman 1996),
(and is used synonymously with community in thissik). Anyone with a smart device or
internet connection becomes an experiential exg@niine reputations in turn become a
valuable tool to expand and protect existing corestirhases (Burke, Marlow, and Lento
2009). The touch of a button and a well-placedc&h make or break a reputation, elect
presidents, fund research for rare diseases, {m@aR criminals, or even fell governments
(Stieglitz and Dang-Xuan 2012; Skoric 2012; Bockirgall, and Schneider 2015). A

ways of competition with respect constituent iné&ians. Increasing transparency and
decreasing entry barriers necessitates that itistikl not only properly service their
constituents, but do well by them. The changeovérservicitization, humanization,

digitalization can be enveloped by the term ‘pregiee community management’ (Stiglitz,
Sen, and Fitoussi 2009; Hall et al. 2012).

! Constituent, community member, and consumer azd imterchangeably.

1
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Implicit in these broad themes is that the relatfop between institution and constituent is
more personal than ever before. From this bases,irktitution is able to assess not only
traditional indicators like agency loss or turnqvieut satisfaction, quality, and constituent
emotional connectivity (Rosenbaum et al. 2011). abdity to foster and maintain direct
relationships is oftentimes a direct consequenc¢hefease of information exchange and
networking and lowered participation barriers affedt by digitalization (Vargo 2009;
Rosenbaum et al. 2011; Dimitrova et al. 2011).

That what the World Bank calls development “beyaabnomic growth? is increasing
realization that human factors are considered a manm in the assessments of institutional
identity, policy, and overall health (Anderson ét 2013; Norman and MacDonald 2004;
Stiglitz, Sen, and Fitoussi 2009; Cameron, Brigimgl Caza 2004). This is due in part to the
fact that digitalization and digital tracks of rétamships and interactions makes it easier for
institutions to measure their impact on individualbis has been positively influenced by
digitalization. Institutions are finding it in theinterests to monitor and respond holistically to
indicators of both happiness and well-being ofrtiseakeholders (Harter, Schmidt, and Keyes
2003). With the realization that the profit-firstdditional bottom line’ is no longer the final,
nor the preferential goal of the modern economyr(ham and MacDonald 2004), institutions
are incentivized to care about and invest in stedahuman factors: social, ethical, and
environmental reputations (Stiglitz, Sen, and FB®u2009; Cameron, Bright, and Caza
2004). Far from the “race to the bottom” fearedimyirthe first years of globalization
(Drezner 2004), digitalization of public spacesiristead a stable mechanism empowering
individuals to document experienced positive andatige interactions served to them by
institutions. The ubiquity of internet-enabled dms makes it increasingly easier to laude or
deplore institutional treatment of individuals, toradd armchair support from the large and
largely faceless public (Skoric 2012; Stieglitz @nxdng-Xuan 2012). This free publicity has
primed institutions to prioritize human factors their policy and management, which has
brought an unprecedented level of transparencyti@alaily workings of institutional social,
ethical, and environmental agendas and constitugaily lives.

In the efforts of policy makers and stakeholdergyt@arantee sustainable growth, stability,
security, and progress, the struggle to find a commmeasurement variable is a common
issue. Given its multi-dimensional structure, netwea properties, and universality, well-
being is well situated to be this variable (Kran@uillory, and Hancock 2014; J. Fowler and
Christakis 2008; Hsee, Hastie, and Chen 2008; Humyal So 2013). It is an underutilized
yet effective concept for measuring populationg’cpetions and expectations of themselves,
services available to them, and their effects (Asdle et al. 2013). Well-being has been well-
researched, and has shown reliable and robust neeasnts across time (Diener 1984a;
Waterman 1993) making it more feasible to pursuwsn tbther normative, or values-based,

2 http://www.worldbank.org/depweb/beyond/beyondcg/tal.pdf. Last accessed: 10 March 2015.
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assessments (Diener and Seligman 2004; Diener 2008 now being researched as a
conceptual and practical complement to a myriagnatro and micro economic indicators,
for mental health assessments, and as policy antide making tools. Well-being has

further attributes that make it attractive for ingtonal measurement. It is an overarching
goal of both individuals and groups (Ryan and [26£)1), making it intrinsically attractive to

decision makers (Hsee, Hastie, and Chen 2008).allyivstated: Everyone wants to be
happier. Multiplier effects of high well-being incle longer, healthier lives, and happier
people are more productive and have lower abseamedeading to lower healthcare costs
and turnover, and thus more favorable institutiorggutations (Diener and Chan 2011,
Vaillant 2008; Harter, Schmidt, and Keyes 2003).IMdeing has been found to increase
loyalty (Harter, Schmidt, and Keyes 2003) and r@agagious network effects (J. Fowler and
Christakis 2008; Kramer, Guillory, and Hancock 201Rinally, experiencing well-being

allows itself to be easily reported across digit@diums (Balahur and Hermida 2012). Given
the centrality of digital presence in day to ddg,lispecifically this factor reinforces the will

of institutions to pursue well-being measurementheir interactions (Hall et al. 2012).

Due to the reasons alluded to above, societal maiig has become an overarching policy
and management goal (Kahneman et al. 2004a; 3fi@in, and Fitoussi 2009). Creating
decision scenarios where well-being is the goalrastdhe fringe benefit is complementary to
a servitized, networked economy (Vargo 2009, 3T@titutions of every size, from state
governments (Thinley 2011; Stiglitz, Sen, and FB&Ww009), companies (Harter, Schmidt,
and Keyes 2003) to (digital) communities (White dettit 2004) are beginning to introduce
well-being measurements in their decision makirenacios. However, this is still a relatively
new phenomenon. Before 2000, well-being was nofl @sea management decision variable
or policy instrument. One reason for this is meability. Until recently, economic indices or
macro social indicators (e.g., literacy rates, mmetesurvival rates) stood proxy for societal
well-being. Due in part to the availability of everore personalized, individual data sources
(i.e., social media), these indicators are searmdenger sufficient. Criticisms coalesce about
the available indicators: they are one-dimensiasathey are domain-specific, and refer only
to very specific parts of progress without netwogkinformation into the context of wider
developments (Stiglitz, Sen, and Fitoussi 2009; Meeen 1984; Auer 2011; Frey and
Stutzer 2012). Especially the lack of networkedoinfation is a serious criticism.
Furthermore, due to their methodology, such indicathighlight condition changes
considerably after their occurrence. Again, in gitdlized economy, this is no longer
sufficient. Finally, such measurements are alsostamed by traditional aspects of
scalability.

Well-being has been established as a valid andatsdundicator for progressive community
management. However, despite its many attributastitutions have been hesitant to
implement a full-blown well-being measurement t@dlhite and Pettit 2004; Ahn et al.

2011). Known is that current indicators are restd¢ consequently, institutions have been
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unable to use them as a comprehensive, detailedl,paompt institutional management
service for stakeholders and policy makers. Thevés the open research challenge of
designing a well-being indicator as a decision suppervice. The application of well-being
as an indicator is occasioned by other questions kbw can institutions discover how best
to serve and engage their stakeholders? This, aldthgseveral concerns detailed below has
been the stumbling block of progressive institusiam their efforts to implement well-being
indicators in their decision making scenarios.

1.2 Research Challenges and Outline

Summarized, well-being must undergalefining process by which it along with its data
sources is satisfactorily and singularly demarcatest there be significant measurement
issues. Once appropriate data sources have bewtifiete issues of data veracity come into
play (efining). Finally, in order to use well-being as an ingtdnal management service,
stakeholders and policy makers must map perceptatds onto actionable itenmepplying),
which is no trivial task.

Defining Well-being

Defining well-being is the foundational and essa&ntirst step in implementing well-being
indicators. Adding constituent well-being to theessment of broad social indicators requires
that well-being (individual or communal) be definieda way that is consistent and easy to
measure, and in the best case with a frameworKaoepto ease the making of normative
judgments (Ahn et al. 2011; White and Pettit 20&)ce the 1970’s psychologists and social
scientists have worked at operationalizing welkigeand its measurement instruments. By
and large they have concentrated on two centrahéise being happy, and being fulfilled
(Ryan and Deci 2001), where happiness can be meshsudinally or cardinally (Frey and
Stutzer 2001). While related, these aspects ardhmosame, with fundamentally different
assumptions and indices of consideration (Dodgel.e2012). The fundamental challenge
until now has been the unsolved problem of isotpifrwell-being is experienced when one is
feeling well, doing well, or attempting to be better, a combination thereof). As such, well-
being lacks dil-rouge and therefore a measurement instrument which seatakeholders
unable to confidently apply well-being measuremefds institutional management. If
institutions aim to measure (or increase) congtifgsewell-being, this must be addressed.
This thesis attempts to fill this void by addregsiResearch Question 1.1.

RESEARCH QUESTION 1.1 < DEFINING WELL-BEING & Which attributes of well-

being’s conceptual definitions allow for the opéoaal usage of well-being in
institutional management?
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Well-being’s various definitions each have part@ustrengths allowing their application in
an institutional setting. This fundamental splitvaeen the various definitions proposed in
psychology has not yet resolved itself. This leawssitutional managers and policy makers
underequipped with the necessary tools to defirer tmeasurements, thus unable and
unwilling to further pursue well-being to supportsiitutional management. In finding an
operational definition of well-being, this thesidlwontribute to the application of well-being
as an institutional management service.

Increasing the well-being of individuals, and leasthp capability to foster well-being
organizationally co-creates the conditions necgsfar healthy, happy institutions. Initial
work on the integration of well-being and serviasign was proposed by (Rosenbaum et al.
2011; Anderson et al. 2013). Therein they propdsé (lo note validate) a framework to
integrate consumer well-being and the service vahan. These contributions are broadly
called Transformative Service Research (TSR). Whilstep in the right direction, the
missing validation thereof means that the appraadacking on several significant aspects
required for functionality of such a framework.

Firstly, their framework is an entity map. As wbking is a normative state (White and Pettit
2004), interaction effects of the environmental ameksonal aspects on the service's
perception must be taken into consideration. Ctyrenissing in the approach of existing

literature, this is an important aspect. Also nmigsin this approach is granularity, meaning
sub-community assessments and individuals’ percegtiof well-being are not in scope.

When considering implementing well-being as andatbr, the overarching goal in research
and practice is gaining an understanding of theenmaranced and granular aspects of what it
means to be a part of a community, and how indaislunteract and feel about their
community. Realized as a comprehensive well-beimgrim it should be possible to build
customizable reports based on community, sub-cortguand/or constituent attributes
which actively complement the attainment of per$otias institutional, well-being. Design
attributes include dynamic capabilities for indibns to monitor and track well-being,
encourage stakeholder participation, and respont eppropriate policies. Such support
mechanisms serve as a platform for testing altemmaheasures of well-being, and tracking
changes in behavior and sentiment. Such requiremkmd themselves well to being
addressed in a service design framework. Therélgyplatform itself becomes a service for
refining how well-being is measured. Considering #xtension of TSR for progressive
community management, this thesis next aims to antive question:

RESEARCH QUESTION 1.2 2 TRANSFORMATIVE SERVICE RESEARCH & What are
the necessary attributes for constructing well-lgeioriented service design for
institutional management?



Introduction

Continued and expanded research aimed at desigmdgrealizing this as a structured
computational tool (well-being oriented serviceigay processed in full depth and scope is
necessary as it currently does not exiSaturally, before a service is designed, its
requirements must be identified and mapped: aloitig this are serious legal, organizational,
and ethical implications deserving consideratiofolee a well-being indicator is deployed.
This makes mapping well-being to tangible policyd athecision mechanisms non-trivial,
requiring subjective assessment and policy managgnas well as computational support.
There is a need for standardized applications aed interfaces to deliver a higher quality of
service, which assists decision makers in maimgirgr increasing constituent well-being.
Also necessary to address is once well-being data been mapped to transformative
services, what are the expected outcomes? Thisresgan assessment of how constituents
are interacting to form a baseline. It also recuimeasurements on what if any differences
occur. Further to the weaknesses of the curresraliire around TSR is the treatment and use
of well-being data, which is not covered in prexdauorks.

Well-being and its assessment are inevitably basedormative factors like values and
judgment (White and Pettit 2004). In even the nimshogenous communities, differences in
experience, values, and desires can exist. Witbonsidering the compacted interactions of
services and constituents’ environments and dajaio-activities, well-being and services
cannot be fundamentally linked. Finally, intriguimgprk from (DeNeve and Cooper 1998)
suggests that well-being has prediction potenfissuming this is correct, well-being data
should be able to estimate ex-ante the effectmsiftutional policy changes (Davies 1962),
thereby supporting progressive community managemémt response to these open
challenges, Research Question 1.2 identifies thebuaites necessary for the creation of
Transformative Services in institutional management

Refining Well-being Data Collection

Digitalization has led to several promising arearsdata collection as proposed in the works
(Vella, Johnson, and Hides 2013; Tov et al. 2018rkB, Marlow, and Lento 2010). Many
social media platforms provide interfaces that peaocess to data produced by individuals,
groups, and companies, or elicitation of furthamdBy accessing and analyzing this data, it is
possible to construct rich information models toilfeate complex interdisciplinary research
methodologies. It must be noted that individualpoeses as gained from surveys and
interviews are social science ground truth. Tradaily the major method for well-being
studies has been longitudinal surveys. Surveys atoallow for highly granular, frequent
overviews of personal well-being. Another methodtthas been applied is interviews and
focus groups (e.g., (Commission 2011; Bhutan 2018)¢rviews allow for highly granular,
personal assessments of well-being, but are costigrms of time and funding, and do not
scale well.
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In order to mitigate the well-known issues of intb@mation of participants and high costs
researchers have proposed two mechanisms; seraoussg and unobtrusive measurement
(Deterding et al. 2011; Vella, Johnson, and Hid€432 Deterding 2011; Balahur and
Hermida 2012; Tov et al. 2013). When trying to oirorent the costs and possible bias
accumulated in these methods, several rounds dfraabn and verification are required.
Here, computational support becomes necessaryhdfurgy data collection by adding HCI
elements affords creation of the well-being mapsashimunities and/or institutions necessary
to evaluate TSR (Mitchell et al. 2013). Such mags be used to establish then track the
general mood of a given population; they can alst/es as an ex-ante measurement of
changes from policy implementation (Dodds et all0 HCI interfaces for mapping and
design of an institutional well-being data colleatiand evaluation tool is a natural next step
for policy making bodies and stakeholders in comityumanagement.

The open design and research challenge is hargesghi-being data:
1) Frequently,
2) At a low researcher-participant cost,
3) Which does not lead to participation fatigue.

Considering frequency, an issue to consider isiffeked the same question multiple times,
participants may become disengaged or drop ouh®fstudy. Especially worthy of further

investigation with respect to this are participatiand truthful reporting. Participants may
become disincentivized to continue participatinghwiepetitious questioning; they may also
report untruthful data for reasons ranging fronedgagement to gamified personas.

Facebook is a particularly interesting platform faunching a TSR application due to its
market share and structure. Facebook is the warlgest social network and social media
platform, consisting of 1.44 billion monthly activsers’® This means that data is abundant
and readily available. As opposed to other netw¢els., Twitter, google+), Facebook allows
full data feeds, assuming authentication rightsimgace. However, Facebook’s Application
Programming Interface (API) and its Terms and Comds have historically been less
accessible to scholarly research unless condustbduse. Accessing individual data streams
outside of Facebook’s research team required anvagph crawled the data from the
participant’s profile (e.g., (Youyou, Kosinski, aidillwell 2015; H. A. Schwartz et al. 2013;
Catanese et al. 2011)) or requires frequent datat i(Killingsworth and Gilbert 2010). This
caused the situation of most Facebook researcideut§ its proprietary research office being
completed qualitatively (R. E. Wilson, Gosling, agdaham 2012). Advances have since

3 http://www.statista.com/statistics/264810/numbemonthly-active-facebook-users-worldwide/. Last
accessed: 5 May 2015.
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been made to Facebook’s Graph APl and Terms andittmrs, lowering barriers to the data
held within. While a well-positioned platform fohe introduction of a TSR application,
further research into the extraction methods arel ithpacts of said methods must be
completed. This leads to Research Question 2.1.:

RESEARCH QUESTION 2.1 < DATA HARVESTING & Considering the methods
gamification and text analytics, which is more agmiate for extracting near to real
time well-being data from online social media inantinuous manner?

Research Question 2.1 deals with two quite spedéita extraction methods. Numerous
methods, too many to be listed here exhaustivedgt @nd could be implemented. However,
gamification and text analytics have particulaitéraéhat lend themselves well to the design
and implementation of a comprehensive TSR apptinatComparing gamification and text
analytics allows for a comparison of stated prefees (gamified surveys) to revealed
preference (sentiment analysis) with respect toetkgression of well-being. Both methods
lend themselves to the environment of Facebook, aeadh represents a (relatively)
uncomplicated mechanism that stakeholders andypoiakers could implement, considering
a successful outcome.

These novel solutions are promising but need toremdd several public criticisms and
challenges to validity; also the parameters of tive methods must be established. The
gamification of survey mechanisms is promising tmtiested. It is assumed (but not proven)
to have a motivational effect on participants invariety of institutional contexts (e.g.,

education, corporate, physical health). Also unkmois how the interaction between

participants and the survey changes when gamifisdyell as if there are any impacts on
participation. These open questions are addresgequently in Research Question 2.2.

The feasibility of extracting text from various soeis depends on several factors, including
identification of a community, veracity, ‘noiseMels and technical scalability. Text analytics
and its related methodology sentiment analysis heaseral public criticisms about the

deficiencies, non-robust precision and recall, delpacies on frequencies or curated
dictionaries, and inability to identify alternativeeanings from text (Jungherr, Jirgens, and
Schon 2011; J. Chung and Mustafaraj 2010). Anothajor research gap being currently
addressed is the alignment and validation of (ti@ul) psychometric measures to this
relatively new data source. Still missing are megihle studies and algorithms that
unobtrusively (in an unobserved manner) collectalyme, and report on this type of

unstructured data. These open research challengegldressed by Research Question 2.3.

Today we are habituated to maintaining our digtaffiles and reveal more information about
ourselves than ever before, laying convenient fatinds for analyzing specific aspects of
digital communities. This orientation allows for pracedented access to highly granular,
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personal data that was before this untouchableenuént intervals. Research Question 2.1 is
posed as a comparative assessment of pulling regpdrom participants (gamification) and
the reception of pushed data from participants @eslytics).

An emergent proposal is furthering current appiaet of human-computer interaction (HCI)
to well-being measurement. Gamification is one sueéchanism. Considering a TSR
application, gamification’s positive attributes lumde motivation, engagement, and
excitement. Participants must be incentivized tewaar questions frequently and truthfully.
Participant motivation and engagement are criscalcess indicators for gamified well-being
measures: without an active, engaged communityipgdhata into the system, this method
cannot be applied in a large scale application.itExent is necessary not only for making
otherwise ‘boring’ tasks like survey completion a@rgsting, but also to further network
propagation. As such a system is envisioned todp-ih,” network propagation is also
critical for the success of the application. Fipatruthful, non-gamified responses are also
critical to the output of such a TSR applicatidrthis application is driven by anything other
than honest well-being reporting, the system ismetitorious to be scaled up as a general
community tool.

In a novel application of two before-unconnectepeass, certain foundational questions on
suitability must be first addressed. It cannot batesl what serious games yields both
continued participation and truthful self-reportingithout first assessing if adding
gamification to well-being data collection has a tivettional effect on continued use.
Corollary to that, a metric of truthful reportingust be benchmarked against existing
literature to establish if participants are incezed to answer truthfully when adding
gamification mechanisms. As this is a layered mohlan iterative design solution is best
applied to address Research Question 2.2.

RESEARCH QUESTION 2.2 2 GAMIFIED SURVEYS & Does the gamification of
surveys enable frequent, granular views of indigithuwell-being without a high
participant drop-out rate?

Context-dependency of gamification methods is a peactice in the literature surrounding
gamification and serious games. Implicit in thistbpractice is that new solution concepts
and proof of concept applications must be iterdfiveodeled and constructed in order to
adequately test the method’s instantiation. Thiggsests that the gamification of well-being
requires a tiered approach in order to properlyluata the merits of the approach.
Accordingly, RQ 2.2 is addressed in an iteratighfan.

The implications of gamified well-being data extran are further into the domain of
gamification and its applicability to well-being amuring. Being a current trend, there is a
lively discussion on gamification that not only luges its definition and scope but, to some
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extent, also questions its fundamental suitabilkgpother contribution is the creation and
evaluation of an innovative informative-driven d@ua. The release, spreading and technical
evaluation processes are a relevant building bfoclevaluation of future, similar technical
solutions. The findings revealed are poised to ipea valuable contribution to the further
development of gamified well-being measuring.

Text-based data provides data that replicates ledgaeferences research designs (and thus
actual behavior), can be collected at any timapisndant (in the era of social media), and is
relatively inexpensive, a direct contrast to susvend interviews. As such, it is being
investigated as a related or replacement methodsdoh time and cost intensive research
designs. Methods like surveys and interviews amg lestablished, and their strengths,
weaknesses and common pitfalls are well-knownhénterms of surveys and interviews, the
pitfalls are generally fall under the domain Comnidethod Bias (CMB). CMB and its
remedies have been well-published and are wellrdega(Podsakoff et al. 2003; Conway and
Lance 2010). This same process is currently a BeEwi digital research, where authors are
only beginning to address bias and common pitfaflslata gathered on the internet and
across different platforms (Zimmer 2010; Ruths d&fdffer 2014; Gonzéalez-Bailén et al.
2014).

As cautioned and proven in a growing body of waelg(, J. Chung and Mustafaraj 2010;
Jungherr, Jurgens, and Schén 2011), analyses aotisrdased on data which hasn’'t been
properly treated must be taken with a grain of.sHlbwever, the parameters of data
preparation for unstructured data are still emeaygirhis leaves considerable room for both
the development of standards, and for poorly desigresearch to receive unnecessary
attention (cf. Jungherr, Jirgens, and Schon 20atnakjan et al. 2010; cf. Wang et al. 2014;
Kramer 2010). Looking more carefully at the appiima of unstructured textual data to the
assessment of individual well-being, open questi@msain on the alignment of individuals’
survey responses and their self-produced text inaated from the platform Facebook.

The results of psychometrics surveys are considerée representative of actual personality.
To be established are the suitability of text inking psychometric assessments, along with
an appropriate method to validly and reliably estrthese traits. Also, which features are
available from text and latent sentiment to robhustpresent these traits? These questions are
pertinent both from the perspective of moving tlf8RTagenda, as well as from the validation
of different analytics methods on different onligecial platforms. Research Question 2.3
establishes the relationships between self-prodteddnd survey responses.

RESEARCH QUESTION 2.3 € RELIABILITY AND VALIDITY & Which well-known
relationships between well-being and personality ba reproduced when using text-
based data found in social media posts?

10
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First research has been done (Kramer 2010; Burlkelow, and Lento 2010), but the method
has been heavily criticized in the works (Wang let28@14; Jungherr, Jurgens, and Schon
2011) for the concentration on single-item indicatgmentions of words like happy, sad), the
lack of context sensitivity, and the weight givem term frequency. The output of text
analytics tools is per definition arranged accogdio the higher logic of the program or
algorithm applied in order to (re)structure the hewtructured data. Thereby words and
phrases can be sorted, placed, and assessed. Stefories have unknown latent
relationships to the items of surveyed psychomeé#sts. Fully parameterizing these latent
relationships for a given method-platform pairing mecessary for the utilization of
unstructured text and its analysis methods (teatysics and sentiment analysis). Once these
assessments are made and properly evaluated féattebook scenario, community analysis
as well as individual personality and well-being &g fed into a full-blown TSR application.

Further challenges face scholars applying onlindhegad social data generalizable social
models. Digital anonymity can enable gamified peesp presentation of idealized self(s), or
even online disinhibitive behaviors (trolling) ihet most extreme cases (Hilsen and Helvik
2012; Ellison, Heino, and Gibbs 2006; Buckels, Tl and Paulhus 2014). These are also
the overt cases of actively altered personalitiesgel, Naaman, and boyd 2014), which is

nearly untouched in research. Specific to gamifagharios, a danger of gamified selves can
occur given the playful environment being introdiig®ixon 2011). Even more than active

(mis)representation, it is necessary to considef tise same person alters their personality
based on the constraints of the platform in usevéDport et al. 2014; Lin and Qiu 2013).

When individuals can create idealized selves witl@oaross-validation of actual personality,

data veracity is of the upmost concern (Back e2@10; Caspi and Gorsky 2006; Utz 2005; J.
Hancock 2007).

Pertinent questions on idealized self and its mneat in data handling are: the verification of

data gained on social networks to actual persgnadihd appropriate uses in community

management and policy-making. Considering the twenarios introduced in Research

Question 2.1, this takes two very different fordmsthe scenario of serious games, the core
consideration here is the designing of an incentiwanotivation scheme that encourages
participants to push truthful responses about thteire of mind into the system. In text-based
scenarios, first the relationship between self-repon surveys and self-produced text
considering the use case of Facebook must be issiatblin order to find out what extent is it

possible to use self-produced text to diagnose pdivee profiles. This leads to Research

Question 2.4.

RESEARCH QUESTION 2.4< DATA VERACITY & Are discernable characteristics of
active representation identifiable, and if so, whes these characteristics?
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What has not been approached in a systematic wing igerification of such data on offline
and actual personality. Worrisome is the near litglnf the researcher to verify that data
extracted from online social networks and onlinei@omedia aligns with actual people and
their real life thoughts, concerns, and persomalitFrom this perspective, analyses based on
online social media re promising due to their brogath and appear, but risk lacking veracity
necessary to build generalizable social modelss Bha research gap that must be addressed.

Scholars in the social sciences and computer seidvave not yet adequately addressed
controlling for what can be called self-representgtor the propensity to display or censor
oneself, in their analyses (S. Zhao, Grasmuck, adin 2008; Das and Kramer 2013).

Research Question 2.4 is at once a design aspesklhsas a data management aspect.
Positive results in accordance with this questiappsrt the creation of a best practice
standard of mitigating bias in online social medida.

Applying Well-being Measurements

Granular, localized information can be unobtrugivgathered to assess indicators of well-
being. This information is already abundant andilabke via online social media. The
missing link is a rigorous, anonymized and openra®lartefact that gives feedback to
stakeholders and constituents. Necessary for thesearch goals are the mapping of
communal characteristics. This thesis addressesréisiearch gap by addressing each of the
listed research questions subsequently. The fileg@ s the realization of a full blown TSR
application, considering the findings of each phafsthe research. The realization thereof is
an empirical demonstration of well-being’s applidip and validity as a progressive
community indicator.

Summarized, necessary questions to be addressesbiccessful demonstration include:

- Considering the operationalized definition of laeing established
in Research Question 1.1, what is required to iflenbommunal well-being
from online social media data?

- Which features identify an emotive baseline ahoounal discourse?

- Do changes in sentiment identify major eventshimita community
network? If so, what are the requirements for suatking mechanisms?

These characteristics form the baseline from whalidentify and measure the quantified
attributes of communal well-being. Accordingly, $sleeaspects must be addressed in future
community modeling and prediction works. Researdesfion 3 in its full depth and breadth
addresses the identification of communal charasttesi via sentiment analysis and context-
sensitive text mining. This research question agkie the noted criticisms of text analytics
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by applying broad sentiment analyses as oppos@odditive and negative emotion analyses.
In support of this effort, the following Researche3tion is addressed:

RESEARCH QUESTION 3 < CHARACTERISTIC MAPPSING & Can community
characteristics like well-being and organizationiaklongingness be unobtrusively
established? If so, what are the key charactes$tic

RQ 3's intended contribution is event-based tragKimom online social media data. This is
interesting from a policy perspective, as it creaecommunication mechanism for where
stakeholders can present and discuss events aicgt pbanges in a public forum. It is also a
positive demonstration of the usefulness of pragwescommunity management by the way
of Transformative Service Research.

Having first established the requirements and desigpects necessary for such a tool, this
thesis’s contribution is a valid TSR applicatioarfr which to make community modeling and
predictive assessments. Developing technology-edabérvices to improve well-being is
named as a strategic priority of service scienceéha 2015 Journal of Service Research
‘Service Research Priorities’ article (Ostrom et28115, 140). A successful completion to this
thesis fulfills the research gap of a valid, engailj information-driven TSR application.

1.3 Thesis Structure

The research outline presented in the previousoseceflects the structure of this thesis,
which encompasses four parts. Part | introducesdblearch questions and development, as
well as use cases. Part Il discusses foundatiensinal terminology, and lays out the applied
methodologies, which are addressed in Part Ill. @yeduation of the methods in their varied
use cases are also encased in Part Ill. Part I\¢ledes the thesis and highlights future
research directions. A high-level illustration bistwork’s structure is shown in Figure 1.1.
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Figure 1.1 Thesis structure

Chapter 2 introduces the formal descriptions ofl\velng, discusses existing literature and
the state of the art measurements of well-beind, @moposes a working definition of well-
being measurement for the purposes of this rese@itdpter 3 lays down the foundations for
the research’s approach by introducing a structénadework for the analysis of well-being
measurement. Existing efforts in the quantificatioh well-being and data sources are
addressed. Additionally, two promising methodolsdier the measurement and detection of
well-being, namely gamification and text analytias presented.

Chapter 4 is the first of four case studies apgltime framework and methods from Chapter
3. Specifically, this chapter discusses the appbtosof gamification to the surveys discussed
in Chapter 2 to incentivize use participation. Tir@ten expression of emotion is the basis of
the rest of the thesis. Chapter 5 introduces aridlatas the use of text analytics as a
mechanism to detect sentiment in and of online conities. Chapter 6 discusses the
implications of online personas in the use of anlsocial media data in research design, and
suggests mechanisms to minimize this type of ppeid-introduced bias. Building on this,
Chapter 7 combines the implications of Chapter;& @, and assess the well-being of a
university campus based on their Facebook prese@bapter 8 summarizes the key
contributions of this thesis, provides an outlook &uture research, and highlights
complementary research topics.
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1.4 Research Development

Parts of this work have been developed and puldisime peer-reviewed international

conferences and international journals. This sactiscusses the outlets, development of
work, and subsequent extensions contained in thdspters. Moreover, the main

contributions of the research and their integratioto current research projects are
highlighted.

Part 1l considers defining then operationalizingllseing in a service ecosystem. Initial
discussions on the integration of well-being andvise design were presented at the
American Marketing Association’s Special Intereso® on Services (ServSIG) conference
(Hall et al. 2014). This paper discusses the foizatibn of a well-being measurement system
in accordance with TSR principles, highlights datunae, and introduces the argument that
considers when human happiness is at stake, mesndalways signify better. Foundational
to this paper is the need to move from a theorestandpoint to applied transformative
service research. Not only does this work set tagesfor the theoretical contribution in
Chapters 2 and 3 (Foundations and Related Work)ast also begot two applied service
research studies: service zone design as a togdublic good in the case of food deserts
(Johann et al. 2014) and service requirementsifizen participation in the German national
legislative actiorEnergiewend€Energy Transformation) (Bertsch et al. 2015).

Part 11l discusses two applied research methodsofmrationalizing well-being: gamified
surveys, and text analysis. The development antliatan of these two methods have been
published in the proceedings of one workshop améethconferencesas well as two
international journals The initial proposal to gamify the survey item$ well-being
measurement was published at the 2012 Analyzinglamioving Collaborative eScience
with Social Networks workshop (eSoN 12) (Hall et2012). The implications of this proof
of concept work are twofold: an incentivization sofe is necessary for continued
participation, and that alternative methods of vieling measurement (text analytics) may be
put to use in order to use well-being as a predictndicator. Gamified incentives and
Facebook-oriented participation patterns are resteand extended in the work (Hall et al.
2013), which was presented at the 2013 Social Cangand its Applications conference
(SCA13). A major finding of this work is the rold personality in individual well-being
assessment. The work (Hall, Caton, and Weinhardi3p@onfirms the previous works’
personality finding, introduces longitudinal asseests of personal well-being, and discusses
the potential for machine learning to replace sémddanalysis packages in well-being
evaluation. This work was presented at the Humamytlaer Interaction International (HCII)
conference in 2013. An extension of (Hall, Catond aVeinhardt 2013) compares the
performance attributes of machine learning algorghwhen predicting well-being scores
based on real data (Wilckens and Hall 2015).
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A common (and rather well known) limitation of saps discussed in the above works is
respondent bias. Specifically, reference effectd aelection bias cannot be estimated in
online social media environments. A novel mechaniiscussed in (Hall et al. 2012) is the
application of text analytics tools for the estiraatof well-being. Another operationalization

of Part Ill introduces exactly this, in the form tie journal article (Caton, Hall, and

Weinhardt 2015)in Big Data & Society This article presents unstructured text from
communal discourse as a progressive indicator gipyaocieties, with the use case of
German politicians and their Facebook followerse Timplications of this article are that

sentiment analysis is a valid and replicable metioogistimate community discourse, and that
the original language (German) must not be altéoeBnglish for good performance. This

article has been extended for the thesis by aneptkd description of the extractor’s

architecture and functionality.

A research challenge identified in (Caton, Halld aeinhardt 2015) is the lack of ground
truth in unobtrusively gathered social media stedi€hapter 6 of Part Ill addresses this
challenge. (Hall and Caton 2014), a preliminaryieevof the results, was presented at the
Oxford Internet Institute’s symposium on Internglicy & Politics (IPP2014). Insights of
this work are the basis of the chapter, which findsticipants misrepresent their own
writings, leading to participant bias in cases ofobitrusive research designs. The full
evaluation of this study has not been publisheevéiere.

The final chapter of Part Ill is a compilation dietfindings of Chapters 5 and 6. Chapter 7
focuses on the Facebook community surrounding thdskKuhe Institute of Technology.
Therein, it first isolates the self-representatiies as proposed in Chapter 6, and then applies
communal discourse methods from Chapters 5 and &ssess the well-being of the KIT
community. Considering the evaluation of these mesh a research-in-progress work was
accepted by the ACM Factors in Human Computing @HbB) conference (Lindner et al.
2015), where a subset of the data was presentedistubsed as a proof of concept work.
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Chapter I Foundations of Well-being

“Human well-being is not a random phenomenonefiehds on many factors - ranging from
genetics and neurobiology to sociology and ecormarBiat, clearly, there are scientific truths to be
known about how we can flourish in this world.”

“The Moral Landscape: How Science Can Determine &ukWalues,” (Harris 2010)

eople and institutions that are flourishing shamrtain characteristics: higher

productivity, learning that is more effective, matable social ties, and better health

and life expectancies (Huppert and So 2009; Gréwvi@ottschalk, and Munz 2006;
Smith Warner 2013; Frey and Gallus 2013; Diener@hdn 2011). High well-being inter alia
supports “effective learning, productivity and dieigy, good relationships, pro-social
behavior, and good health and life expectancy” (héupand So 2013). This creates multiplier
benefits for society: higher well-being can conitié to less expenditure on programming
curbing social disintegration, lower healthcare tgodower absenteeism, and overall
“performance” increases (NEF 2009; Gasper 2005hiQBiener, and Lucas 2007; Harter,
Schmidt, and Keyes 2003). This chapter addressesdweversations in the scholarly literature
in well-being measurement, framing the interdisngly understandings of well-being for use
in institutional management.

2.1 Towards an Interdisciplinary Definition of Well-being

Well-being is evaluated in a variety of ways: abjsative well-being, psychological well-
being, or via economic calculation (Diener et &99; Diener 1984a; Waterman 1993;
Waterman, Schwartz, and Conti 2006; Samman 2004nRand Deci 2001; Karlsson,
Loewenstein, and McCafferty 2004; Zamagni 2014gl&ti Sen, and Fitoussi 2009). While
each domain has different strengths, when usedraplonentary systems they create a fitting
proxy of individual and institutional well-being #81man 2007; Huppert and So 2013; Gasper
2005). There are two major literature strains basgshilosophy and psychology covering the
concepts of well-being: one on hedonic well-beiBiefer 1984b; Diener 1984a; Diener and
Suh 1997), the other on eudemonic well-being (Ryad Deci 2001; Huppert and So 2013;
Ryff and Singer 2013). The distinction is also laldesubjective well-being (SWB) versus
psychological well-being (PWB) in the literature.hi$ work uses the terminology
interchangeably. The psychological field of studykhown as “positive psychology.” The
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coming section defines SWB and its measurements,iariollowed with a discussion of
eudemonia’s varying definitions and measurements.

2.1.1  Economic Assessments of Well-being

Economic assessments of well-being equate tangibBsurements like income, wealth, social
security and safety with well-being. It is basedtbe assumption that certain levels of these
economic measures allow individuals to achieve grakfulfillment, which again results in
well-being. Economic perspectives of well-being @opular, since it is relatively easy to
measure, tangible, and widely used in support tifigal decision making (Frey and Stutzer
2012; Frey and Stutzer 2001; Diener and Suh 199% At al. 2011). However, in the
transition to indices of revealed preferences (@dutility) as the gold standard of behavioral
and choice measurement in microeconomics (Robb®82)1 cardinal utility, such as that
found in cost-benefit analyses, has fallen intouss Cardinal preference is however
paramount to the measurement of well-being asabmmonly collected today. Accordingly,
as interest in economic psychology increased inpdt decades, works applying cardinal
measurements of well-being and happiness haveasede(Frey and Stutzer 2007; Frey and
Stutzer 2012; Kahneman 2009; Kahneman and Thal@6)2@ell-being in the economic
sense has been formalized by (Frey and Stutzer, 308B1) as the following function:

W =H[U®Y, )]+ € (2.1)

whereW represents self-reported well-being levels, gdlyeobtained via a Likert scale (i.e.,
the Satisfaction with Life Scale (Kahneman et 804b)), and is thus cardinally bound. The
function U(..) denotes well-being (in the sense that well-beingnsasured as a utility
function), and Y is the determinate set of the oesient’s reported well-beingindicates that
the relationship betweeM and U can vary. The continuous non-differential functidh]
relates well-being reports and actual well-beingereH].] rises ifU increases. The error term
€ relates to the relationship between actual andrtegp well-being by capturing latent
variables that impact well-being reporting.

Economic well-being measures are not intended @wige insights about personal well-being
levels, but about well-being on a more generalrayed, or national basis. Foundational
economic theorists including Adam Smith and Jer&mgtham recognized the limits of using
income and material wealth as the sole definitibeapnomic utility (Smith 1776; Bentham
1789). Nevertheless, several studies support &lation between economic well-being and
SWB on a macroeconomic scale (Stevenson and Wd@f8). (Diener and Seligman 2004)
explain the importance of economic measures fol-le@hg particularly for the “early stages

of economic development, when the fulfillment oblzaneeds was the main issue” (p. 1), but
relativize this importance for highly developed otries. This assessment is based on what has
been defined as the ‘Easterlin Paradox,” which iiless a saturation point in the relationship
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between income and well-being on a national baSsterlin 1974). Easterlin’s original
argument was that happiness increases with incardeveloping countries. However, after a
saturation point of income is hit ($10,000), wediig and income no longer have a positive
significant relationship, but rather a negativeatiehship. The finding has been confirmed
several times (Easterlin 1995; Blanchflower and @dw2008; Easterlin 1974; Kahneman et
al. 2006) and is not only observed in comparisagisveen countries, but also in time-series
analyses for averaged national data. Economicaliyrated countries, e.g. the United States,
do not obtain higher averaged well-being when tlu®ine per capita rises over time (Clark,
Frijters, and Shields 2008). The paradox is expliby decreasing importance of additional
income once basic needs have been satisfied (Smwvemand Wolfers 2008). This
argumentation is however debated, with other ecdastsmreporting different findings
(Stevenson and Wolfers 2008; Gasper 2005; Pre2is3). These studies however tend to be
smaller, and are less widely accepted for methgicdd reasons (Easterlin et al. 2010).
Nevertheless, until now policy decision making igimty still based on the underlying idea of
economic well-being that increased wealth and $atéus lead to higher well-being within
the society. Economic well-being is therefore wydelsed as an argument in favor of
economically beneficial development (Gasper 20Gihnéman and Krueger 2006).

2.1.2  Philosophical and Psychological Foundations of W4dlEing

What does it take to be well? There is a generatlag between the two notions of well-being,
though interestingly, these two definitions carpdiave conflicting outcomes. Both tend to
consider overall satisfaction with life as a neaegsnetric for the existence of a good life,
considering both an individual person and/or a comity (Veenhoven 1984; Veenhoven
2010; Veenhoven 2013). Where SBW estimates tempieelings of happiness, PWB

concentrates on the process of setting, strivingdiod attaining self-betterment goals. This is
a critical difference, as the measurement systenplate dictates the outcomes when
considering well-being as an indicator for progresssommunity management.

The major philosophical foundation of hedonistidiveeing is that the goal of life should be
to experience the maximum amount of pleasure,eptsuit of happiness is the ultimate goal
of life. Happiness is found when one is pleasedjogés not mean that whatever pleases a
person is enriching or good for them. One can lpphavithout being (mentally, emotionally,
or physically) well. SWB is the “happiness” (or loadktic) side of the well/being argument
(Diener, 1991). This is best crystalized in theuangntation on the good life by philosophers
like Aristippus, Hobbes, and DeSade, who saw thgmgoal of life through the lens of
satiation of human appetite, pleasure, and happifiegan and Deci 2001).

Eudemonia is the attainment of the self, occurvitgn life activities are meshing with one’s
most deeply held values (Waterman, 1992). The thiwhich make one happy and the
conditions which makes one thrive are not necdgdhie same; temporal instances of feeling
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good (happiness) are not necessary to achievebaiglty. This is the inverse of SWB: one can
achieve well-being without being happy about itisTis a view advocated by foundational
philosophers like Aristotle and Fromm. Artistolefact considered the pursuit of happiness to
be vulgar, as individuals should be elevated alogeslavish pursuit of desire (Ryan and Deci
2001). The debate between happiness and eudemuhiigsgplace in the attainment of well-
being has lasted millennia and centers around deasi of happiness versus satisfaction,
introduced in the coming sections.

Happiness is a Warm Gun: Subjective Well-Being

Subjective well-being, the most widely researchspeat of well-being, is an indispensable
component of positive psychological health, althoigynot a sufficient condition for it (Ryan
and Deci 2001; Frey and Stutzer 2001). While trsd &ittempts to define SWB rather looked
into demographics (W. Wilson 1967) or socio-ecormrsiatus (Easterlin 1974; Easterlin
1995), other researchers (most notably the workBieher and colleagues) tried to have a
closer look into the components of SWB and theferictions and tried to give a greater
recognition of the central role played by peoplgals, coping efforts, and dispositions
(Diener 1984b; Diener 1984a; Pavot and Diener 1B%er et al. 1999).

SWB surveys one’s total life satisfaction, the pree of well-being, and the absence of
negative feelings (Lyubomirsky, King, and Diene020Diener 1994; Diener and Suh 1997;
Diener 1984a). Purposefully absent of objectiveddoons such as health, comfort, virtue, or
wealth, SWB looks solely at one’s assessment of tate of life (Kahneman and Krueger
2006; Kahneman et al. 2004b). Although such facémespotential influences on SWB, they
are not seen as an inherent and necessary parf[dfener 1984a, 543). The exclusion of
objective conditions allows for a comparison of thell-being levels of persons with quite
different living conditions, facilitating wide appéability of SWB. However, it is reflective in
nature, meaning that assessments of well-beingearessarily backwards-looking.

A characterizing feature of SWB is the inclusionpafsitive and negative affect (emotions),
which means the pure absence of negative factoes dot constitute high SWB. This
distinguishes SWB from most measures of mentatin@diere the focus is laid predominantly
on negative measures of well-being (Huppert an@®3; Diener 1994). The most commonly
used scale to assess SWB is the Satisfaction vifiéhScale (Diener et al. 1985; Pavot and
Diener 1993; Frey and Gallus 2013), measured ageaitém, seven-point Likert scale. The
score is the mean of the five items. (Diener etl@85) claims that single item measures are
temporally less reliable than multi-item scaleseyltan be more susceptible to types of so-
called acquiescence response bias where partisipantl to agree with all items, and most
significantly, are subject to being invalidateddmor wording.
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_____Inmost ways my life is close to my ideal.

_____The conditions of my life are excellent.

| am satisfied with my life.

_____So far | have gotten the important thingstimlife.
______If I could live my life over, | would changkrest nothing.

Another technique addresses the problem of biasfaniation with a close link of the
guestion to a certain event or activity. The “DagcBnstruction Method” (DRM) by Nobel
Prize winning researcher Daniel Kahneman and aglies identifies the remembered well-
being for each activity and experience of the pilewe day (Kahneman et al. 2004b). The
participants “first revive memories of the previalesy by constructing a diary consisting of a
sequence of episodes. Then they describe eachdeplsp answering questions about the
situation and about the feelings that they expeadh (Kahneman et al. 2004b, 1776). The
review of the previous day causes that recent mesdose dominance, so that errors and
biases of recall are reduced (Kahneman et al. 2004i® survey part of the method is based
on the experience sampling method (ESM) (Scollam-Rrieto, and Diener 2003), as feelings
in different situations are aggregated towards agrail well-being measure. But deviating
from the ESM, (Kahneman et al. 2004b) propose that DRM allows for measuring a
sufficient number of different events during justeoday as well as enough days in a time
series and is therefore more efficient.

Although well-established, criticisms of dimensilityaand possible biases of SWB are still
plentiful (a good overview is found in (Angner 20D5This encourages cross-disciplinary
scholars to extend the definition and measuremeB\MB with even more cutting-edge and
validated methods. Especially (Frey and Stutzer22@tey and Stutzer 2001) argue that not
only subjective but also objective measurementshabpiness are necessary. Figure 2.1
illustrates Frey and Stutzer's proposed continudmhappiness measurements, including
physical and neurological assessment, Kahnemansplsay method, as well as the
Satisfaction with Life Scale. It is important totaathat as classical economists, Frey and
Stutzer proposed but did not validate physiologéral neurological measurements.
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Objective happiness Subjective happiness
- Affect
Physiological Psychological
measures > measures
Cognition, memory

Global
self-reports

Experience
sampling measures

Brain waves

Figure 2.1 Frey and Stutzer’'s proposed continuum of happimesssurement

The validation of objective happiness and therellyBSas expressed in Figure 2.1 is an
on/going research area. (Rutledge et al. 2014)gsexp the closest representation to date of a
formal expression of (objective) momentary hapgniesa gambling experiment with Neuro-
Information Systems, establishing this functionoasr(n=18,420) participants:

Happiness(t) = wy + wy + Z?zlyt_jCRj + w, Zgzlyt_j EV; + ws Zgzlyt_j RPE; (2.2)

whereCRis a certain rewardV is the expected value of an action, &fEis the difference
between expected and actual rewatds.the moment of assessmeng,is a constant term,
other weightsv capture the influence of different event types. < 1 is a forgetting factor
that makes recent events more influential thanetedore CR is theCRif chosen instead of

a gamble at the time pointEV, is average reward of the gamble if chosen atithe pointj,
andRPE is theRPEon trial; contingent on choice of the gamble. If @R was chosen, then
EV, = 0 andRPE = 0; if the gamble was chosen, th@ = 0. They established that
momentary happiness is not a response to outcofmeseavard-based task based on current
earnings, but rather the combined influence ofmeoeward expectations and prediction errors
arising from said expectations (Rutledge et al.4201). In addition to showing the link
between mental processes and happiness, this gtadygles an important clue into the nature
of momentary effects on one’s overall happiness.

Eudemonia: A Structured Diversity of Joys

Even with successive attempts to define well-beipglity of life, and happiness, there is still
no consensus definition of eudemonia (Varelius 20E&nhoven 2013). Eudemonism is more
diverse and considered by some a more sophisticatelttbeing measurement system
(Waterman 1993; Ryff 1989; Page and Vella-BrodriZfl08; Ryff and Keyes 1995). In

contrast to SWB, these scales are not only abonrge life satisfaction (Samman 2007).
Rather, they consider factors that influence oneser self-fulfilment and inner growth

(Waterman 2007; Waterman, Schwartz, and Conti 200 central goal is the actualization
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of one’s self in order to thrive and grow (Waterni®90). Generally self-actualization is pro-
social, and can be pursued and experienced inrdseipt and future tenses. Being pro-social
and forward looking allows PWB to be consideredefforts to design a well-being based
community management system and related policy aresims (Ahn et al. 2011; Veenhoven
2008). However, eudemonism fails to coalesce indmgle, widely used scale due to its wide
reaching scope and failure to agree on minimallgured measurable items. Moreover
(Veenhoven 1984) suggests to include “nhon-verbaktyp. 46) and “expert ratings” (p. 47)
into the assessment. While expert ratings are igmedtle, as only the individuals verify how
happy they are, non-verbal assessments like tloosl fin self-produced text are addressed in
the coming chapter (Section 3.2.3).

In order to make eudemonic measurement feasiblusgaPWB scales have been developed
(Ryan and Deci 2001; Ryff 1989; Ryff and Keyes 1985ee, Hastie, and Chen 2008).
Generally, areas surveyed by PWB instruments censidomains like autonomy,
environmental mastery, personal growth, positiVatiens, purpose in life, and self-acceptance
(Ryff and Keyes 1995; Ryan and Deci 2001). Suctega are considered to illustrate the
extent to which one is accomplishing basic psyadfickl needs. Fulfilling these will result in
better health, both physical and mental, thus dymp§ PWB. PWB too suffers from the
criticism that it is highly subjective; that is &ay, the individual sets and assesses their
individual criteria (Samman 2007). Criticisms of 8W subjectivity notwithstanding, it is
important that all those factors are measured lmpleeon their own scale; that the goals are
set by themselves; are guided by their wants; aeth domain is only fulfilled up to a degree
that they feel comfortable with (Ryan and Deci 20@uch a process leads to self-actualized
individuals and communities, which are healthied Aappier individuals and communities. In
contrast to Diener’'s Satisfaction with Life ScalB¥VB scales are frequently single-item, as
single-item scales have been found to performagssivell as multi-item scales in the case of
clearly worded items (Bergkvist and Rossiter 2007).

Self-Determination Theory

Self Determination Theory (SDT) is one of the magtiely used extensions of eudemonic
theory, as it lends itself nicely to public poliagd institutional goals of increasing public well-

being, without complete reliance on the subjectissessment of the individual. (Hirschauer,
Lehberger, and Musshoff 2014; Ahn et al. 2011; Veaen 2008; Frey and Stutzer 2007). It
sets personal well-being not only equal to selfiifient, but also considers the basis that has
to exist in order to achieve well/being or pro-sdcijoals. This basis consists of self-
determination, competence, and relationships witters (Ryan and Deci 2001; Vella and

Johnson 2012). Self-determination is the feelingeafpowerment to follow one’s own

decisions and act on their own behalf; competeadhe idea that people feel appropriately
matched to their given life and work tasks, and times able to get wanted results; and
relationships with others are the presence ofiosighips that include respect, trust and caring
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between people (Ryan and Deci 2002; Deci and R988)2 The idea is that through fulfilling
those basic intrinsic needs, people activate theier development, are increasingly reliable,
enlarge their mental and physical well-being sphemad are more in line with their true selves
(Deci and Ryan 2006). Moreover, it supports theeptance and internalization of external
principles and goals, which eventually leads to engrotivation, productivity and a greater
willingness to perform and help (Mende, Bolton, aBither 2013). However, these basic
intrinsic needs cannot be satisfied by individuaEmselves which is the pro-social aspect of
SDT. All human beings need a certain amount ofreartty or certain kind of relationship with
others in order to increase their well-being, gyt cannot influence the fulfillment of those
criteria, as the criteria are external (i.e., idesrto have relationships, one must have friends).
Individuals should then work in tandem to increasell-being of themselves, thereby
increasing well-being overall.

Human Flourishing

Individually and separately, hedonic and eudemaret-being research have dominated the
positive psychology field (Diener and Seligman 2082ligman and Csikszentmihalyi 2000;
Deci and Ryan 2006), but the major authors havao/édund a compromise between them.
Human Flourishing (HF) was presented by Cambridge¢isity scholars Felicia Huppert and
Timothy So as “a combination of feeling good anddfioning effectively” (Huppert and So
2013) where “feeling” is a synonym for the hedoarmd “functioning” for the eudemonic
aspects of well-being. Their approach defines HEhagmirror opposite of widespread mental
illnesses. Further, they are defined in a way #iktws for denomination of their mirror
opposites. A panel of three experts and one laggpedeveloped each item as the mirror
opposite of a symptom of the mental disorders deova or anxiety. They continued their
study by identifying questions from the rotation dute “Personal and social well-being
(section E)” of the European Social Survey (ES®)a2(Jowell et al. 2006) that are best suited
to cover the said items. One question was selgeaonstruct, with such items that have a
long-term connotation in favor of short-termed oniEe resulting questions and associated
items are presented in Appendix .

By testing for the distribution of the respectiw®ies per item in the general population (based
on the ESS dataset), and their correlations, Hu@per So developed an operational definition
by calculating pe is the single item “positive emotion’s; as the items of “positive
characteristics”, anii those of “positive functioning”; whereandm are the respective item
counts per group.
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l m
HF =pe x| I *I; * ZCj-l-ka
k=1

=
1—{1' if IP]=1—-1
<o, else

| ={1, if |Prl=zm—-1
4 0, else

PC = {Cj:Cj > O}, Pf = {fk:fk > O} (23)

Results of a structural equation model show thdy @ositive emotion is a construct of
hedonic well-being, the other nine measure eudernweil-being (Huppert and So 2013).
This emphasizes the importance to treat positivetiem as a single item whose absence
prevents to classify an individual as being flohing. (Huppert and So 2013) present a
middle-ground approach by combining then validatinginstrument that considers hedonistic
and eudemonic elements of well-being with singberitmeasurements.

2.2 Discussion: An Interdisciplinary Definition of Well-
being

In summary, both hedonism and eudemonism have fregosed as the ground truth of well-
being for millennia before being the object of stin the field positive psychology (Ryan and
Deci 2001). Until now there is not a singular diiim in place. Due to the complexity of
defining well-being, there is no right answer orwhim measure well-being (Samman 2007;
Ahn et al. 2011; Veenhoven 2008). Currently disedseell-being measures either aim to
measure participants’ instantaneous well-being ($WwBdimensions amounting to wellness
(PWB). Measurement matters: the employed scalatditif the assessment can be used as a
reflection of satisfaction (ex-post) or as a tobtlesign (ex-ante).

SWB is temporally oriented, focusing on the induatlifeeling of happiness as calculated by
the presence of positive emotion and absence dativegemotion (Diener 1984a; Kahneman
and Krueger 2006; Kahneman et al. 2004b). PWB alifaw an alternative view of well-being,
namely that what feels good and what makes oneyhdmgsn't (always) lead to a meaningful
expression of well-being or acting with integritif&terman 1993; Waterman 2007). However,
in attempting to measure the conditions of welkhgeaind not only the feeling, PWB becomes
so hyper-dimensional as to become non-assessaigeifi8 instruments have been developed
for assessing the main determinates of PWB, thd owmamonly applied thereof being Self-
Determination Theory. In measuring individual's gaved self-determination, competence,
and relationships with others rather than generajestive assessment, (Deci and Ryan 2008)
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argue that individuals’ summed well-being is cotiyeestimated. Human Flourishing is

introduced as a hybrid of hedonic and eudemonid-methg. The separate measurement
systems have failed to take all aspects of weltdpanto account until now, which makes

Human Flourishing especially attractive as a wellhl indicator in progressive community

management.

Table 2.1: A comparative assessment of psychological instrasnefwell-being assessment
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Table 2.1 is a comparative view of the major psyatical contributions to well-being. It
assesses the item measurement (single or multigigestions), the timespan with which the
authors validated their instruments (longitudinahet series, momentary (cross-sectional)
assessments, or real-time assessments), anddéthevas solicited by the researcher (pulled),
or if the data was volunteered by the participposhed).

As HF provides dil-rouge between hedonic as well as eudemonic well-beingdtices the
risk of what Aristotle saw as the ‘slavish purafidesire’ (Ryan and Deci 2001) embedded in
exclusively hedonic approaches. Moreover, the difieation of well-being across positive
emotions, functioning, and characteristics reduties impact of single item measures.
Overstatement and misinformation, widely reporte@WB measures, are therefore less likely
and less impactful when they do occur (Veenhoved#)1.9
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Human Flourishing is taken as the operationalizefihdion of well-being for this thesidRQ

1.1). HF is an elegant solution that simultaneouslasuees SWB and PWB, as well as highly
granular components of well-being. Further, as meet above, the risk of inflated or over-
reporting are mitigated with Human Flourishing’mmigulated approach. This work builds on
the principle that both single and multi-item meastents can provide a valid assessment of
well-being. In order to follow the standards of tpsactice and calibrate participants’ base-
line well-being, the single-item measurements ofBSsvid PWB are applied as survey items
the form of the HF survey of (Huppert and So 20I@)is work also applies multi-item
measurement in the form of sentiment analysis, Gdepter 3.2.3) in order to not only address
historical or momentary well-being, but real-timeliabeing. Finally, whilst the survey items
are pulled (solicited) data sources, the majoritghe data analyzed is pushed (unsolicited)
from participants for unobtrusive and less biaseshsurement and assessment (discussed in
Chapter 3.2.3).
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“Value creation through service provision and seeviexchange relationships at the micro
level must be understood in the context of valeatwn through service provision and service
exchange relationships at the macro level. The eftes are value, relationships, and
networks; the driving force, and thus the naturevafue, relationships, and networks, is
mutual service provision for mutual wellbeing.”

Toward a Transcending Conceptualization of Relatiop:
A Service-dominant Logic Perspectip¢argo 2009)

ervice design is transformative when it has a mede, even optimizing, positive

effect on well-being. This is an exciting approacdtiespective of domain, TSR

delivery guarantees well-being outcomes like erthlde increasing access, social
justice, social capital, agency, and ecologicabitg (Rosenbaum et al. 2011).Well-being
outcomes here refer to both well-being of the imilial and the collective (Veenhoven 2013;
Samman 2007). TSR’s multidimensionality is niceighighted in Ostrom et al.,’s 2010
article:

“As such, it [TSR] examines aspects such as thialsaed ecological consequences
and benefits of services offerings, increased actesalued services, the disparity in
the quality of service to different groups, theigiesnd co-creation of services with
consumers that honors both the agency and the valumdividuals and communities,
the identification of and planning for the impaétservices on well-being and the
impact of consumers’ service experiences on wétlgoe(Ostrom et al. 2010, 9)

The conceptual domains of TSR are extensive andomeéred in the foundational conceptual
works of (Ostrom et al. 2010b; Anderson et al. 20BR8senbaum et al. 2011), including
healthcare, finances, and the workplace. Howeweh she TSR framework brings about the
following, non-domain specific questions: Wher¢his intersection of personal and communal
well-being; and, how granular does TSR need tnlmder to establish a robust measure? The
coming discussion is an extension of (Hall et @ll4), where these aspects were discussed in
order to ground the discussion of well-being measient in service dominant logic.
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3.1 Service Design for Consumer Well-being

TSR was borne out of the recognition of the impareaof services to both the global economy
and individuals’ daily life; this interplay becomespecially important considering that by
2050 is it estimated that the world’s populatioril wpproach nine billiod. This requires a
service-level commitment to human development amlity of life standards from the state,
and a convincing statement of managerial neceasitlydelivery from the private sector: a so-
called triple bottom line approach of people, ptear@ profit (Norman and MacDonald 2004).
Service design has a fundamental role in develofhigyapproach by taking both provider
commitments and consumer well-being outcomes iatsicleration (Rosenbaum et al. 2011),
thus creating service design that enables wellghein

Transformative service research (TSR), a recemlységoned branch of service science, is
about understanding connections between serviegings and well-being. It has at the core of
its conceptualization the goal of improving the Mading of individuals. A founding statement
characterizes TSR as: “the integration of consuar service research that centers on
creating uplifting changes and improvements in thell-being of consumer entities:
individuals (consumers and employees), commundies the ecosystem” (Anderson et al.
2013). It is clear that in the modern economy, isertouches innumerable aspects of daily
life. It is then natural that the field of serviseience explores mitigation of negative and
enhancement of positive service experiences beybadvalue co-creation and consumer
satisfaction paradigms. This is well summed uphm ¢onversation between the switch from
goods-dominant to service-dominant logic (Vargo hugch 2008; Vargo, Maglio, and Akaka
2008; Vargo and Akaka 2009).

Currently the TSR agenda is lacking a measuremeolt that considers the foundational
structure of how well- and ill-being implant itséffto service-oriented society. In order to use
well-being as a societal indicator, that indicaturst first be delineated. Mapping well-being,
or its negatively correlated partner ill-beingnist such an imminently achievable task. Well-
being is per definition highly subjective, multirgénsional, dynamic, and at best fuzzily
defined. As noted by White and Pettit it is impattao recognize that the concept under
discussion is normative — that well-being and sisessment are inevitably based on values and
judgment. This well-being is attributed to stateteing’ in terms of material endowments,
psychological attributes, and subjective assessmenhthe personal and environment one
exists in (White and Pettit 2004).

In order to move the TSR agenda forward, an extensd the existing framework of
(Anderson et al. 2013) which captures the intersecbetween service and well-being of
individuals, communities, and the ecosystem is ssamy. A detailed framework proposal
follows in the coming sections.

* http://www.census.gov/popclock/. Last AccessedJdize 2014.
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3.2 A Transformative Service Framework

This framework extension utilizes a systems apgrpoateaning the entirety of the service
environment is considered in order to assure seq&mhrer and Maglio 2010). In addition to
Anderson et al.’s macro-level factors it adds memod micro-level environmental factors.
These aspects (service influencers) are generatiyidered external to service design, where a
service influencer is defined as a cycle of pr@nsiperception, and impact, and well-being
outcomes (Figure 3.1). This layered approach allfmsanalysis of the granularity of daily
life; by extending the model with these dimensiagesgarchers are able to suitably analyze the
often compounded aspects of ill-being.

External Influences,
Frame of Reference:
resources, social
position/“prestige”,
minority status, “life

chances”

Affected Domain
2 Access equity,
integration, values,
service entity, sector
b personality traits,
family status, perceived
control, personal
relationships, previous
experiences, convictions,
,wants“, demands of
reality
¢ Employment, subjective
well-being, activity level,
health, education,
integration

Service
Percep-
tion®

Service
Provision®

Service
Influence

Service
Impact©

¥

Success Measurement:
Higher consumer
well-being

Psychological
Profile

External Influences,
Social System:
political freedom(s), peace,
stability, equity

Figure 3.1: An adaptation of (Anderson et al. 2013)’s TSR fraumek

A fundamental reference point for personal andectiVe assessment of well-being lies in the
greater social system (Stiglitz et al. 2010; Whated Pettit 2004). This then must include
macro-level assessments like access to politiegldivms, general peace and stability, equity
and overall development (Anand and Sen 1994) aednthso-level of external frame of
reference; i.e., how one perceives their placeoaiety (White & Pettit 2004). Here one finds
objective measurements like social hierarchy andonty status, as well as less standard
measures like ‘life chances’ one has had, and émergl prestige of their life circumstances
(Veenhoven 1984; Veenhoven 2013). In this framewtir& micro-level of consumer-service
interaction is the psychological profile of the iwidual. It is well-established that one’s
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baseline psychological profile affects the way suabjectively understands their circumstances
overall (Schwartz et al. 2002; Purvis et al. 2044l et al. 2013).

The affected domains referenced in Figure 3.1 tmatrong correspondence with macro-,
meso-, and micro- environmental factors. Thingsctmsider in transformative service

provision include access equity, integration, vaJuservice entity, sector and overall

inclusiveness (Anderson et al. 2013; Gebauer anghd®® 2013). Perception of service
provision is driven by a combination of individuaid collective understanding of personality
traits, family status, perceived control, persorralationships, previous experiences,
convictions, and general “wants” balanced by theateds of reality (Veenhoven 1984). The
optimal impact domains are those such as employr3&B, activity level, health, education,

and integration (Rosenbaum et al. 2011; Andersat. &013). When TSR incorporates these
aspects, the resulting effect should be an incdeesesumer well-being.

3.2.1  The Outer Circle: Macro-level Influences on Well-beg

Within a secure, participatory democracy and ansfreconomy there are fewer chances for
wide disparity levels between subgroups. This iegpthat each member of society has access,
or a reasonable expectation to be able to part&ipaffording minorities and other
subpopulations the chance of equal servicing. Tdigenerally not true for opaque or
authoritarian systems: such governments are l&edylito be stable and more likely to
provision services along partisan, ethnic or religi lines. Not only are groups unequally
serviced, but quality of life overall drops withspect to expected welfare maintenance (Wu
and You 2007; Lacey et al. 2008; Ballas 2013; Dieaved Suh 1997). Changes in the overall
well-being of the state are driven from the aggregaumber of citizens in the state and their
access to (civil) services, reflecting the viewtthegress is contingent to the impacts on and
richness of the human life, rather than merely eown advances (Stiglitz et al. 2010;
Buchanan 2001). This is tantamount to the econooniex-post, assessment of well-being.

A useful model for the utilization of macro assesatrof well-being as a decision making aid
was proposed by sociologist James Davies in hi2 Ho6cle on social unrest (Davies 1962).
He suggests that drops in expectations as comptredctual progress fuels relative
deprivation, the idea that deprivation is only engreced when compared to others who are
more fortunate (see Figure 3.2). In his model, gmnificant difference between actual and
expected advancement reveals the overall well-baimdy vigor of the institution. In other
words, social unrest is a subjective responsestadden reversal in fortunes after a long period
of growth (Davies 1962). The strength of relativepidvation is evaluated by charting and
changing the expected change of actual well-batugl$ against expected well-being figures.
For a given construct of well-being (cf. the dissioa in Chapter 2), a lack of statistically
significant differences between expected and actedltbeing levels implies no discrepancy
and no social unrest; significant differences implithe opposite. This is a key research
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concept: as the model suggests, if relative detioivas not in effect, social turmoil does not
occur regardless of the actual state of well-befdiyen a satisfactory answer to Research
Question 2.1, this model is employable in the eatidn of Research Question 3.

.7 acceptable

.7 Fgap

_ unacceptable
gap

Satisfaction

Time

Figure 3.2: The Davies J curve

In his dissertation “Conditions of Happiness” noButch psychologist Ruut Veenhoven wrote
“The more healthy and active the citizens and tmeather their contacts, the greater the
chance that society flourishes. Moreover, widegpidiasatisfaction with life tends to act as a
bomb under the social system (Veenhoven 1984, "A04jis is in agreement with the
argument of Davies that significant issues of vbellhg manifest in (sub)groups of the
population, and negative well-being will follow aaides J-curve distribution (Davies 1962).
This model indicates when social expectations lzalegge deviation from the actual outcomes
of human well-being (relative deprivation), somenfoof social schism should be expected
(Figure 3.2). A fitting and correct measurementwal-being can be leveraged to provide
actual and expected trending of flourishing. Witinecurrent supervision, components that can
cause agency loss (in this case, statisticallyifssgmt drops in well-being data) can be
proactively regulated as a form of adaptive commyumianagement. Applications for this sort
of management tool are manifold: business, civdiety, and public policy can benefit to
name a few domains. Such a model has diagnostige vahd can be exploited to have
predictive worth. The predictive worth of the modelthe potential to be used in charting
future public participation- based unrest and mometst More concretely, given the
community’s overarching well-being trends eventgsoag communal spikes and dips in well-
being can be pin-pointed and assessed.

3.2.2  Meso-level Analysis: The Role of the Self in ther@munity

As noted in (Ozanne and Anderson 2010), individuadtructural issues, and the
socioeconomic context of a given area must be taken consideration when completing
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impact assessments. Knowledge of the preexistindiions and self-assessed roles of a given
consumer group is necessary when designing an@imapiting services to increase communal
well-being and/or decrease communal ill-being (8agtu and Ozanne 2013). Well-being is
not only access and psychological health, but #regption of one’s place within the greater
environment. Individual well-being is intrinsicalljnked to the individual's perception of
belonging in a community, and their relative stawighin it. These singular assessments
aggregate up to communal well-being. This is tq Bagreas where high individual well-being
exists, there tends to be high communal well-belngareas of compounded disadvantage,
well-being and its related outcomes tends to be [Biis is confirmed in the Framingham
Heart Study: high and low well-being networks teéadbe clustered within three degrees of
separation from one another (J. Fowler and ChiistaR08). This is especially relevant for
mapping the contours of a community based on itreent (Research Question 3).

The proposed meso-level environment for transfareegervices is closely aligned to George
Vaillant’s finding on the antecedents of flourishpifrom the Harvard Grant Study, to date the
longest running longitudinal sociological study. Meites that formative experiences are
crucial to future health and happiness; the prasenfc positive relationships matter for
happiness; the risks one takes with their liveg. (@rug and alcohol consumption) have high
prediction abilities on one’s ability to maintaianfily and social relationships (Vaillant 2008).
Meso-level analysis is not foreign to the TSR agergloting (Ostrom et al. 2010, 9), TSR
considers “[...]the disparity in the quality of sawiofferings to different groups, the design
and co-creation of services with consumers thabf®hoth the agency and the cultural values
of individuals and communities, [...]", which requiran understanding of the person and their
understanding of belongingness in their communiongitudinal surveys, panels, and various
forms of network analysis can establish the indisaof the meso-level.

Data gained from international databases and ssnamg well utilized at this level.
Considering this, and the other well-being orieriteticators from the largest public surveys,
and how to parse the various important domains &ntaxonomy is an important, ongoing
challenge for TSR. Synopses of the largest intemnak and national instruments are below,
and a comparison table can be found in Table 3.1.

Kingdom of Bhutan

The Kingdom of Bhutan provides a point of referenéehow well-being can be used as a
framework for wider stakeholder accountabilitiesiffey 2011; Bhutan 2012). In the late
1980’s, the kingdom conjoined externally imposedidators such as Gross Domestic Product
(GDP) per capita and the state of the environmeat measurement of the state of health with
a focus on national well-being assessments asetfiteat key performance indicator in its Five
Year Plan of development. As stated in the natigelahning guidelines: “Apart from the
obvious objectives of development: to increase @GDFa national level and incomes at the
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household level, development in Bhutan includes #thievement of less quantifiable
objectives. These include ensuring the emotiondltveeng of the population, the preservation
of Bhutan’s cultural heritage and its rich and edrinatural resources (Bhutan 1991, 1:6).”
This statement is clearly indicative of the fuktlmsion of macro, meso and micro indicators of
TSR.

This process has been furthered in two ways: tapsdd surveys, and well-being framework
integration. The surveys give status reports onhbalth and vigor of the nation, where
framework integration serves to further the statmmlicies of governmental planning
commissions. Frameworks of well-being and its cbhods are being integrated into public
programming and services, as well as national usiites and the public bureaucracy (Bhutan
2012). Impressive results ensued: According tolth#ged Nations Development Programme
since the inception of its well-being focused F¥ear Plans, Bhutan has made major strides
(Kumar et al. 2007). Its GNI per capita of $1,0062005 dollars) was 40% higher than that of
India, and over 70% higher than the average incofriew income countries. The country’s
human development index grew from 0.325 in 1988.&83 in 2003, placing Bhutan in the
category of medium human development countries @uet al. 2007). In implementing an
enhanced indicator series Bhutan has a more readimer tuned, and richer set of data from
which to base its policy decisions.

European Union

There has been an upwelling of attention directaghderstanding and measuring well-being
as a conceptual and practical compliment to mymadro and micro indicators and as policy
and decision making tools. A prominent examplehis €Commission on the Measurement of
Economic Performance and Social Progress, formeNiblyolas Sarkozy during his term as
president of France (Stiglitz, Sen, and Fitous€I®90This working group and report are the
most notable examples of reconfiguring “standaradfasurements and related constructs as
measures of national progress and well-being. $tudy concentrates mainly on the macro
and meso indicators of the TSR framework. Due in fmits provocative findings, on-going
efforts are in place across the European Unionarttiwide.

The United Kingdom’s Office of National Statistissmost comparable to the TSR framework
in the European Union. It publishes overview datanational well-being twice a year, in
addition to a European comparison report. The teptake care to highlight particular
communities of interest; children, minorities aretent immigrant to name a few. This
reporting series is notable as it, like Bhutaregnates national, communal, and personal well-
being indicators in its assessment. It is alsontost fully integrated system of well-being
assessments at the national level in the Europ@@mUNot only policy makers but the public
has access to review and comment on the drivengettbeing in the United Kingdom due to
their open statistics API.
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In a similar effort, the German federal governmeoniducted a national study called "Growth,
prosperity, quality of life - Towards a sustainablenomy and social progress in the social
market economy" in 2013 (van Suntum 2012). Theyedghat GDP is no longer a complete
picture of the quality of life in Germany, and t@@rman people and the government need a
more complete overview of the quality of life oktlbermans. An "improvement of statistics is
necessary [...]" (van Suntum 2012), and policy gbalsed on better assessment of what makes
a happy, health community is a contemporary satutiothis challenge (Ballas 2013). Thereby
the German Parliament proposed ten new criterradasure the country’s health and wealth.
The most significant additions from the perspect¥erogressive policy making of the new
criteria are the indicators material well-beinggiab affairs and societal inclusion (all meso
indicators of TSR), as well as ecology (a macraciur of TSR).

Eurobarometer

The Eurobarometer surveig taken twice yearly at the behest of the Eurnp@ammission’s
Directorate-General for Communication and is airmedauging public opinion in (and largely
about) the European Union. Its focus is not on hreggs or well-being per se; rather, it aims to
assess public attitudes (in all 27 members of th@fEean Union) towards matters of public
import in the EU. In the context of TSR, this is@mplement to surveys such as the General
Social Survey (GSS) that aim to measure well-balirgctly. The Eurobarometer series
measures PWB of the individuals associated witll, affected by the EU. For the purpose of
TSR, the EU exemplifies a service-providing indgtiin and the Eurobarometer survey
illustrates how one such institution measures @dgomance in the eyes of its clients. It is
worth noting that the EU, as of the last availakleort® is in turmoil due to continuing effects
of the major worldwide economic recession of 2008luding the continuing financial crises
of Greece and other EU members, and the contingingggles with other major policy
decisions. For present purposes this makes the Righdy interesting institution. How do the
EU’s well-being assessments (broadly construetgatethis turmoil?

While the absolute levels of prevalence of variopgions are surely important, arguably,
changes over time are at least as valuable focypalesign and institutional assessment.
Significantly, the Eurobarometer report emphasthesughout the dynamics of the attitudes it
reports. The attitudinal variation among the 27 &Embers is often strikingly large. In the
spring of 2012 the survey found that those givimgjrtcountry and overall “good” assessments
ranged from 83% in such countries as Sweden, Lugengh Germany, and Finland to 0% in
such countries as Greece, Spain, Portugal, arghttelThis range narrowed in the fall 2012
survey from 75% to 1%. This is hardly an improveteaithough it is consistent with the

® For more information see http://ec.europa.eu/publpinion/index_en.htm. Last Accessed: 17 June
2013.

® This is available at http://ec.europa.eu/publiénimm/archives/eb/eb78/eb78_en.htm. Last Accessed:
18 June 2013.
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finding announced in the report that attitudes hasen roughly stable of late. Looking at the
EU, member states constitute a natural categasizéy which to measure attitudes. But there
are other natural categorizations as well whichdneebe considered, for example, by age,
gender, occupation, and income. Even more so, peangl multi-dimensional, which means
that they will fall into several categorizations aice. What are the particularly vulnerable
profiles? The larger meaning for TSR and for meaagumwell-being in smaller-sized
institutions is that attitudinal variation may betically conditioned on categories that may or
may not be identified. Recognizing these categmienild be seen as a continuing challenge
for TSR.

OECD Better Life Initiative

The Organisation for Economic Cooperation and Digwelent (OECD) collects statistics and
survey data extensively. Most relevant to TSR & @ECD Better Life Indek.The OECD’s
Better Life IndeX is composed of 11 “topics” (measured either byngls indicator variable

or by an index of a small number of indicators)e3é meso indicators are: housing, income,
jobs, community, education, environment, civic egegaent, health, life satisfaction, safety,
and work-life balance. The data for the Better Lifielex also supports a degree of online
analysis, and is fully comparative. In additiomkk are available to the very large number of
other data collections created and maintained byQECD. Many of these will also be of
interest to TSR scholars for the breadth of aspebish are covered.

International Social Survey Program and the GeneraBSocial Surveys

The International Social Survey Programme (ISSP), h#tp://www.issp.org/, is the
international umbrella organization coordinating t6SS management and archival of 48
countries. These countries are predominately dpeelaountries, although some interesting
statistics are available, such as those from Chind Venezuela (two otherwise opaque
countries). The ISSP and GSS have maintained ther witheir questions since the inception
of the survey in order to facilitate and longitualirand replication of the information. The
1972-2012 GSS has 5,545 variables, time-trend®,83t2 variables, and 268 trends having
20+ data point8.

The GSS waves contain a standard ‘core' of dembigrdehavioral, and attitudinal questions,
plus topics of special interest specific to a giwesve. The GSS data are downloadable in
various formats friendly for statistical processifidie website also makes available a basic
online analytics capability for the data. The GS%cilizes in trend data. Especially

" http://www.oecd.org/statistics/datalab/bli.htmst.&ccessed: 7 March 2015.

8 Accessible at http://www.oecdbetterlifeindex.obmfat/better-life-initiative/; the data used to deea
the index may be found at http://stats.oecd.orghraspx?DataSetCode=BLI. Last Accessed: 7 March
2015.

® Available at: http://www.issp.org/page.php?pagdidzast Accessed: 12 June 2013.
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distinguishing in comparison with the other colient discussed, the GSS site lists about 300
published articles that use its data. The GSSgh fuality, broadly scoped source of survey
data pertinent to TSR. Of all the sources reviehesd, it is likely the one that has been used
the most in scientific publications.

Table 3.1: National and international well-being measuremestruments
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As seen in Table 3.1, the most complete well-bemgjrument is located in the United
Kingdom; it is however limited to Britain, Scotlarghd Northern Ireland. The Eurobarometer
is much more expansive, though its institution&gnation is limited at making suggestions
for increasing well-being of European citizenshds the further limitation of being interview-
based, indicating that only small proportions & ditizenship can be addressed at any point.
Both France and Germany currently concentrate gmosk macro indicators; while a laudable
start, such indicators can no longer be undersasaa proxy for well-being due to their macro
nature, the time-lagged delay in data collectiamj #00-broad definition (as discussed in
Chapter 1). It can be seen that while data is beolgcted at the national and international
level, still be the implemented is a well-beingicador feeding into a TSR application that is
near to real time, with low-cost and scalable datkection methods.
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3.2.3 Me, Myself and I: Micro Profiles and Well-being

As mentioned earlier, an important factor in weliryg is the baseline psychological profile of
the person. Considering psychological profile isipost importance when measuring service
perception as shown in Figure 3.1, as it is welidglsshed that different personality types
report satisfaction and well-being with differenference points. Confirmed in multiple
studies, psychological factors like low(er) neeatsdircumstance maximization, psychological
needs satisfaction, personal goal progress, highesteem, and a positive Big Five
Inventory® profile are prerequisites for high well-being (dcét al. 1991; (B. Schwartz et al.
2002; Purvis, Howell, and lyer 2011; Hall, CatondaNeinhardt 2013; John, Donahue, and
Kentle 1991; Sheldon and Hoon 2013).

Maximization refers to one’s ability to be happyttwa decision once it has been met. The
more one “maximizes” a decision making scenarie,|f#ss happy one is in the long term, ‘the
paradox of choice’ (B. Schwartz et al. 2002). Cdesng psychological needs satisfaction,
(Sheldon and Hoon 2013) modeled optimal human keiltg with a hierarchical regression
analysis, finding that there are four tiers of peedity which are predictors of well-being.
Their work shows that social relations, self-navest, goals and life intention, personality
traits, and psychological needs are all necessariigh well-being. The Big Five personality
factors is the most well-known and widest used graality traits model in psychology, human
resources, and a plethora of other institutionbr{J®onahue, and Kentle 1991). A well-being
inducing or positive Big Five profile is considera be low neuroticism, high extraversion,
and a combination of optimism, agreeableness, tam#nusness in the terms of this thesis
(Purvis, Howell, and lyer 2011; Hall et al. 2018ie®lon and Hoon 2013).

This level presents the most problematic measureraesa. Institutionally defined and
managed well-being requires a high level of trustiMeen participants and stakeholders; the
design of transformative services requires substaparticipant support and participation.
Generally speaking, psychometrics are left for doenain of psychology and are strictly
outside of service design and policy-making. Thibeécause the type of data could be used to
observe not only public but also private life donsaiWhereas responsible designers use well-
being to view the institution’s overall progresstisfaction, and capacity, irresponsible
management could use well-being data to pin-pbioge who do not “fit in” with institutional
standards or desires, as well as the risk of ifieation of reportedly anonymous participants
(Zimmer 2010). Other irresponsible uses of dataigelude harm by incidentally altering the
well-being of (unwitting) participants as was seaenthe study on emotional contagion by
(Kramer, Guillory, and Hancock 2014). This is esalg relevant in the case of participants
with a high vulnerability level as assessed by theso-level interaction (Markham and

1 The Big Five are Openness, Conscientiousnessarsion, Agreeableness, and Neuroticism.
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Buchanan 2012). Participants will need to placaniiant trust in stakeholders to ensure
validity and reliability of the data (such as themple in the United Kingdom).

With potential issues recognized, the prospectaasuor psychological factors to TSR are still
manifold. Research designs for establishing thisllenclude ethnographies (e.g., (Saatcioglu
and Ozanne 2013)) and psychometric surveys (Kahmexhal. 2004b; John, Donahue, and
Kentle 1991). Both methods are considered expengiterms of funds and time. Therefore,
researchers are concentrating on less expensivdiamems to measure psychometrics,
especially considering the digitalization of dallfe since the advent of the internet. The
coming sections introduce state of the art mechanfer the measurement of well-being.

On the Application of Social Media Platforms for Saial Sentiment
Analyses

“Social Media is a group of Internet-based applicais that build on the ideological and
technological foundations of Web 2.0, and thatwallthe creation and exchange of user
generated content{Kaplan and Haenlein 2010, 61)

Social media enables researchers to collect anlyzenkarge scale, unobtrusively gathered,
individual data. Researchers previously faced temmon obstacles. Firstly, even if social
data is gathered at a sufficient level, informatisnoften spread over various agencies,
precluding efficient analyzing processes. Secontllsequires steady collection updates over
time to register movements in social charactesstitackenberg 1970). The longer the time
span between updates is, the less accurate theaddtéhus the analysis can be, as several
other reasons might have occurred in the sameititeeval.

In the late 1960s computational innovations resuitea shift of challenges: The restricting
parameter for work of social researchers was ngdporthe processing of data. Instead,
information grew at a rate faster than researcloengddd analyze (Cioffi-Revilla 2010).
Considering the decades since the beginning ofafjliion, quickly developing (digital)
technology and fast moving economies, the developsnien people’s daily lives become at
once more transparent, yet more difficult to underd. This is due in part to the rise of
networked, social data. Hand in hand with technokdgand digital evolution is the capability
to collect and process information. Modern socahdshares these attributes:

1) Large (easily) extractable amounts of data
2) Continuous data streams over time

3) Spatial and design independence for researchers
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Social media sites in particular have quickly aseehfrom a novelty of the early 2000’s to a
fact of life, and daily necessity. Today, Faceb@kccessed daily by ten times more people
than the population of GermafhyUsers interact online by creating profiles andvijttimg
(semi)personal information in form of text, photasd other media (RO4ll, 2010). ROl
summarized that while motives for using the Soblatworking Sites range from staying in
touch with fellow friends and dating services ttabshing professional business networks,
all pages share predefined rules how social commmectare made. These rules are what
determine the resulting social network. In mosesasutual acceptance is required to link two
profiles (e.g. Facebook and LinkedIn). Exceptioxiste On Twitter and Google Plus (to some
extent) any user can receive information from amofile of interest. These connections define
how users can share and receive different kindsef generated content.

Due to the fact that social networking and mediatfpfms are generally based on true
identities or variants thereof (Lingel, Naaman, aogid 2014), they are well suited to display
online communities. Facebook is the largest platfand with its 864 million daily active
users in the end of 2014 (1.35 billion monthly &etusers) is also the most active one, with
one in every seven minutes worldwide (and for Aears, one in every five minutes) being
spent on Facebodk.Facebook requires mutual agreement for userskods friends. User
generated content can be shared via posts whickaapgm ‘timelines’ of users, pages and
groups. Users may further share content by refgrtoh an already existing post with a
commenting function. Users control privacy by definrules for individuals or groups, and
private or targeted messages are allowed, assuhengcipients’ privacy settings allow for it.
Facebook offers the feature of ‘Pages’ that diffem the standard user profiles. Unless
specifically restricted in the page’s settings, thiermation on these pages are completely
public® This important distinction from user profiles all® researchers to gather data of most
publicly acting online communities without furtheiquirements.

In an exhaustive survey, (R. E. Wilson, Gosling) @&raham 2012) summarized and classified
412 articles written on Facebook for the period 22012 leading to five supra-categories:
descriptive analysis of users, motivations for gdtiacebook, identity presentation, the role of
Facebook in saocial interactions, and privacy arfidrimation disclosure. The review addresses
key articles across these five categories, andritiinods employed by the various scholars.
Recognizable is that the usage of Facebook’s ARIdnyFacebook staff or partners to support
unobtrusive studies is low; when the referencedistuapply quantitative methods, the method
of choice tends to be based in survey methods.

Notable studies from Facebook Research look atip@xpressions of sentiment. (Kramer
2010) used status updates based in the UnitedsStateate a composite well-being index.

2 hitp://Inewsroom.fb.com/company-info/. Last Accessk?2 March 2015.
12 hitp://techcrunch.com/2014/07/23/facebook-usagetti Last Accessed: 12 March 2015.
13 hitps://www.facebook.com/help/3879585079392361 asessed: 7 May 2015.
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This has since been criticized in (Wang et al. 20040 state that Facebook status messages
are not appropriate for well-being assessmentrdthier mood regulation. Another series of
studies by Kramer and colleagues (Kramer 2012; krarGuillory, and Hancock 2014)
reviews emotional contagion on Facebook. Theseiestugbport that emotions are indeed
contagious in a network. Their findings supportt thiaort informal text like Facebook status
updates can be used to measure sentiment onlindeFgonfirmation can be found in (H. A.
Schwartz et al. 2013), who collected and analyz&@4/L Facebook profiles with LIWC and
were able to establish linguistic characteristi€spersonality, gender, and age. In depth
discussions on the use of Facebook in sentimetysasaan be found in Chapters 5.1 and 6.1.

Gamification as an Incentive Mechanism

In gamifying well-being, leaders take proactivepstéowards smart community management.
Acting as a thermometer by which to gauge instnal health, well-being data serves not
only as a feedback mechanism between various aatmolicy makers, but as a forward-
looking decision making tool (Ahn et al. 2011; Frayd Stutzer 2007). Thus there is wide-
spread interest in tracking mechanisms with highuter acceptance. Until recently, attempts
to collect well-being data as an institutional fleeck mechanism have been scarce. More
recently, a number of other platforms exist thatdbsome or all of the principles of online
social networks, well-being, and gamification. Samfithe most popular and notable examples
include Superbettéf, the Wellbeing Gam&, the Happiness Initiativ€, and Track Your
Happiness! though this list is by no means a comprehensise di all well-being and
happiness measurements available online. Sucloptatfeither attempt to increase personal
well-being and happiness via tips and tricks (Sbeker, The Happiness Project, the
Wellbeing Game), perform basic measurements anddref happiness reporting (Track Your
Happiness), or are a hybrid of both (the Happinedsative). Of particular interest are
platforms which elicit well-being reports, as tHemctionally serve as a stated preference data
collection method with respect to happiness and-ezhg.

Emerging work from Vella and Johnson is especiauable in clarifying the use of

gamification in terms of Human Flourishing (VelladaJohnson 2012; Vella, Johnson, and
Hides 2013). Their work matches each of the ten &tuflourishing items with up to date

findings from the gaming literature. Focusing ond&s which relate to well-being or mental
health of gamers, this work neatly ties the two stmes disparate worlds of happiness
research, gaming, and collaborative computing. Mmsk does not however propose the
design or mechanisms for a well-being game. Ona iglehe use of social networks, as they
can be extended by platform features if a gamifipglication is designed for use within a

% hitps://www.superbetter.com. Last Accessed: 18bwer 2013.

15 \www.thewellbeinggame.org.nz. Last Accessed: 18ebwmer 2013.

18 http://lwww.happycounts.org. Last Accessed: 18 Brémer 2013.

7 http:/lwww.trackyourhappiness.org. Last Accesd&dDecember 2013.
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social network (Hall et al. 2012). Besides the alo@atures “leaderboard” (social comparison)
and “sweepstakes”, social sharing (“gifting”) gaiimsportance. The incentives “bragging”
(notification of one’s social network of achievert®nand “inviting” (advertise usage within
one’s social) extend the toolbox of gamificationtihoels and serve at the same time as a
spreading mechanism for the gamified applicatioagd 2012).

Despite earlier use, the term “gamification” didt reme widespread adoption before 2010
(Deterding et al. 2011). Since then different marthave used it with different scopes and
connotations. An often-cited definition is that@éterding. It tries to incorporate the different
viewpoints and areas of applications by genericailpsuming: “Gamification is the use of
game design elements in non-game contexts” (DetgrdD11, 9). However, not all agree.
Based on their background in service marketing,telil@and Hamari, for example, state that it
depends on the individual perception of a usersémvice is gameful, making it impossible for
a service designer to identify the non-game contertral to Deterding’s definition (Huotari
and Hamari 2012). They specify gamification as ‘facpss of enhancing a service with
affordances for gameful experiences in order tgstipuser's overall value creation” (Huotari
and Hamari 2012, 19) — prioritizing the creatingbeftter experiences instead of achieving
them. The current discussion also covers the twamsitional opportunities brought through
gamification, namely the positive effects that dgagation can foster in crowdsourcing or in
collaboratively changing the world for the bett8tampfl 2012).

The next discussion point becomes applying gamé@edements in an effective way. A
commonly shared and expressed finding is the stiparaf human motivation into intrinsic
and extrinsic components, with current gamificatagproaches largely (only) supporting the
latter one. Siegel therefore suggests taking speai@ to create a plausible, linked, and in
difficulty increasing system of leveling in gamifieapplications (Siegel 2012). “Leveling”
refers to the progress a user makes in discovéhnimgossibilities of an application. He states
that ideally several pathways, tailored to varypggsonal interests, should guide the user in
exploring more comprehensive features. Antin andr@till argue that motivation and social
engagement are not automatically supported by usanigies: They posit a dependency from
the activities that badges are to award and fromtect. They discern the five functions — goal
setting, instruction, reputation, status/affirmati@nd group identification — stating that “the
fun and interest of goal seeking is often the primaward itself” (Antin and Churchill 2011,
2) and that the (wrong) usage of badges could eauce a user’s intrinsic motivation.

The possible reduction of intrinsic motivation bypibying extrinsic motivators is also
described by Deterding who hints on the dependdrma social situation or context. He
argues that supporting a leaderboard with cashntnes counters a user's autonomy and
thereby intrinsic motivation (Deterding 2011). Fat context sensitivity is brought in by
Dixon who presents several models for Player Typeach with differing core motivations for
playing — and who states that gender and age aieflaence to playing motivations and
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behavior (Dixon 2011). A possible solution besidpsrsonalizing” the respective system
through detection of a user's personal type, Vesgailsuggests letting the users choose their
preferred goals within the gamified application ading to prior intrinsic motivation. This
can include showing different (or “exaggeratedjadaccording to the choice. The common
separation of human motivation by intrinsic andriesic components is extended by a social
one. Two elsewhere in literature not often seerntiges are illustrated: social comparison
and community collaboration and quests as a fornthafllenge that can be resolved by
cooperation amongst users, occasionally including timits (Vassileva 2012).

Gamification is a quite obtrusive method of eliojfidata, in addition to the fact that any data
obtained in this process is per definition stateefgrences (estimates of behavior) rather than
revealed preferences (actual behavior). Both asgente a place in behavioral modelling. In

order to address revealed behaviors, another méthreduired. This is discussed below.

Text and Sentiment Analysis Tools

In terms of a revealed model, text and sentimenalyais is a promising mechanism. Text
pulled from social media has the benefit that itaigely unspoiled by research design, and
offers a highly granular view of the posting indival. Using short informal text as the
foundation of public sentiment measurement diffesm other text due to the shortness of the
text and the different language used (Thelwallle2@10). Word count restrictions, the usage
of abbreviations and emotional tokens is fosteleaiding to informal text containing slang,
abbreviations, and emoticons in various forms apleés as well as truncated sentences (Wang
et al. 2014). While this type of short informal tekallenges Natural Language Processing, the
existence of items like emoticons can help to ustded the intended sentiment. Emotive
values can be established by human readers or atgdntext analytics programs. Human-
centric approaches have a long history and are ayglied in varied domains (Hsieh and
Shannon 2005; Kassarjian 1977), but lack scalgbiithen dealing with the volume required
by Big Data analyses, either crowdwork (e.g., (Haltl Caton 2014; Paolacci, Chandler, and
Ipeirotis 2010)) or automated programs (Balahur bledmida 2012; Kim et al. 2006) are
generally required. Crowdwork for the analysis t#ms like status updates and tweets
however posed both ethical issues (Markham and &t 2012), and can run afoul of the
platforms’ terms and conditions. Two mechanismsveidely used to support the automated
recognition of written sentiment: corpus-based aaphes and dictionary-based approaches
(Turney and Pantel 2010). The corpus-based appledused on the co-occurrence of words
and relies on the latent relation hypothesis, rgathat words with similar meaning or
sentiment co-occur more often in a sentence oragasshan words expressing differing
sentiment (Turney and Pantel 2010). Given a coteok&nown and evaluated words, this
methodology identifies words with similar orientati This approach can be especially useful
when trying to search for instances of sarcasnramidism which is otherwise lost in the
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dictionary-based approach (Liu 2010). Howevereduires a huge corpus to cover most of the
words within the respective language.

Dictionary-based approaches use predefined wasldantaining sentiment-loaded words. By
scanning the considered text, sums of positive rmeghtive affect can be derived, usually
normalized regarding the length of the overall té&&tamer subtracts said sums to get a one-
dimensional measure of sentiment (Kramer et al4260amer 2010), whereas Golder and
Macy argue the independence of both dimensions égsaring them separately (Golder and
Macy 2012). While Kramer has used the Text Analgsid Word Count program that was
built upon the Linguistic Inquiry and Word Countl{iC) 2007 dictionary, Golder and Macy
directly used utilized the LIWC 2001 dictionary (Bzzik and Pennebaker 2010; Pennebaker
et al. 2007). Other dictionaries e.g., SentiWordstccianella, Esuli, and Sebastiani 2010) or
OpinionFinder (T. Wilson et al. 2005) are also &lde. Whereas SentiWordNet sums up
possible positive and negative sentiment and tiné term of “neutrality” (Baccianella, Esuli,
and Sebastiani 2010), OpinionFinder has its focosclassification of subjectivity and
objectivity within sentences (T. Wilson et al. 2D0bo date, both lack linguistic localization, a
feature making LIWC'’s 13 available languages falbtga

The dictionary-based approach, however, is unabliintd domain specific orientations and
context oriented sentiment (Thelwall et al. 2016¢luded in (Dodds et al. 2011) sentiment
analysis are tweets surrounding Osama bin Lades&asaination and the end of the
blockbuster show ‘Lost’. It marked May 2, 2011 oofethe most negatively affected days
within the Anglophone twittersphere due to worde Ifdead”, “killed” and “terrorist.” Lost’s
finale also resulted in a distinctive drop in haqggss on the day it was released, but it was not
due to sadness over the show ending. The word West tagged as a negative sentiment word
in the utilized dictionary and therefore scorednadintions negatively. Table 3.2 gives a brief
overview of the most widely used sentiment analpaiskages.
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Table 3.2: Comparison of existing dictionary-based sentimeat\esis packages
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In addition, each tool has positive and negatiwebates making it more and less suitable for
the use of sentiment analysis for TransformativeviSe Research. These attributes are
summarized in Table 3.3.With this consideration Id#YC shows itself to be an especially

interesting tool for application in online sociaédia use cases.
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Table 3.3: National and international well-being measuremastruments

Strengths Criticisms

WordSmith  Context-sensitivity allows for higher 1) Corpus-establishment is a complex task
accuracy in representing the meaning « and a bad corpus leads to poor results

the text 2) Unproven with Online Social Media data
General Allows for sophisticated context Complicated adaption processes for
Inquirer analyses different studies restricts number of
analyzed categories in practice
Senti- 1) Basic context consideration for Restricted to emotion valence only
Strength booster words to scale emotion (e.g.
‘very’)

2) Specialized for short informal texts

(e.g. internet expressions, abbreviation
SentiWord- 1) Robust results for emotional valence Restricted to emotion valence only
Net detection

2) Extended valence scale (includes

‘objective’ as neutral)

LIWC 1) Flexibility (editable dictionaries) Missing context observance leads to
2) Applied to Online Social Media use misinterpretations
cases
3) Easy analysis of broad language
dimensions

Linguistic Inquiry and Word Count

LIWC originally was not intended to be used on shioformal text, but to analyze text of
expressive and therapeutic writing sessions usgaihfaining more content than the average
tweet or Facebook update (Wang et al. 2014; Takisoal Pennebaker 2010). However, its
expansive psychometric dictionary offers a unigppastunity to reveal the latent emotional
context of text-based data. LIWC has been showpossess excellent precision and recall
abilities with high but not overfitting correlatisrin the analysis of latent sentiment (Salas-
Zarate et al. 2014; Mahmud 2014), though its perémce in prediction tasks is often low
compared to n-grams or machine learning approa@m@sisin and Guinn 2012; Balahur and
Hermida 2012). The application of LIWC on documemetsirns the percentage of words across
the categories social processes, affective prosesegnitive processes, perceptual processes,
biological processes, work and achievement, as alpunctuation and structural details
(Pennebaker et al. 2007; Tausczik and Pennebaké).2Per cent based information gives the
researcher a mechanism by which to see the relatorth of categories in speech. This
facilitates measuring change, looking for groupdobpatterns, monitoring individual spikes
and dips, and identifying psycholinguistic profiles
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LIWC's development and validation was an iterafivecess of word collection, during which
several rating scales, standard dictionaries, apdres were consulted. The resulting broad list
was coded by three independent judges’ who fidicated if a word should or should not be
included, then categorized words according to cpiuee lists. Their work was then externally
validated for psychometric validity in a procesatttook three years (Pennebaker et al. 2007).
Two versions of the LIWC dictionary currently ex2001 and 2007 — and it is available in 12
languages to dafé.Several studies have shown its proficiency witbrstinformal text (Lin
and Qiu 2013; C. Chung and Pennebaker 2014). $hist a trivial statement. Social media
sites drastically limit word counts of single authcompared to traditional sources (Kramer et
al. 2004). Abbreviations (e.g. “howru” for “how ayeu”), purposely misspelled words (e.g.
“helllooo™), special phrases (“lol”) and emoticofi®.g. “:)" ), which are pervasive in short,
informal online texts usually cannot be processgddntiment analysis toolkits (Wang et al.
2014).

The previous section discussed the importance mtegtual settings to avoid misinterpretation
of words and complete sentences. In addition, iense exists serious interest in automated
content detection of documents, an important bramfchext analytics (Lazer et al. 2009;
Balahur and Hermida 2012). When people share témjitinformation, there is not only
content but also the way they create their messagethe linguistic style (C. Chung and
Pennebaker 2007). They found that function wordsaaell suited to build a systematic picture
of this inconceivable dimension as latent indicatdFhey refer to pronouns, prepositions,
articles, conjunctions, and auxiliary verbs andgdther can be imagined as “[...] the
linguistic “glue” that hold content words togethgiGroom and Pennebaker 2002). While
LIWC focuses on function words it also includes teorh words. The functionality is based on
dictionaries that assign over 4,500 words to 7@edsht categories, ranging from a simple
stylistic (e.g. article, prepositions) to a complesychological level (e.g. positive emotion,
cognitive words). Due to their near constant usagg grammatical weight, use of function
words is nearly impossible to manipulate and thuié wcover motives, personality and
psychological processes more accurately than daabfsthe content (Pennebaker 2013).
Using computational tools in analyzing function d®rbears further advantages. Firstly,
people’s poor awareness of function words is nsiricted to their own language. The listener
doesn’t focus on function word composition, andréfire is unable to rate usage. Hence,
computational pattern matching can reveal findingisattainable by human judges. Secondly,
less than 0.04% of an average persons’ vocabuleyfunction words (C. Chung and
Pennebaker 2007). At the same time, they make upe rtttan half of daily language.
Consequently, function-word based analyses aresitakited to reveal latent individual states.
All'in all, the function word’s importance on psyitbgical findings justifies the application of
the simpler dictionary-based approaches wherevehaesis is set on personal traits.

18 Arabic, Chinese, Dutch, English, French, Germaaljain, Portuguese, Russian, Serbian, Spanish,
Turkish
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Given its flexibility, ease of use, and localizatid_IWC has been applied as the sentiment
analysis toolkit of choice in many social indicatde.g. happiness, characterizing network
relationships, and opinion mining) studies (Lin a@@i 2013; Niederhoffer and Pennebaker
2002; Ott et al. 2011; Pennebaker, Mehl, and Nleafégr 2003). As such, numerous social

benchmarks have been established and validatedoss-cultural and linguistic arenas. A

summary of the most robust findings are listed Welo

Happiness and Well-being

LIWC studies have demonstrated its capability iptedng two different dimensions of the
happiness construct understood in the terms ofhmdggical well-being (see Chapter 2.1 for
an overview). In terms of the construct positiveogon, the study by (J. T. Hancock,
Landrigan, and Silver 2007) researched which lagguimensions shift based on whether the
writer experiences positive emotion and is in apyamood, or is situated in a context evoking
negative emotion (Hancock et al., 2007). Intuityygbositive affection was found to score
higher in the positive situation, and negative @ftan for the negative situation, respectively.
This study isolated the LIWC categories ‘positieelfng’ and ‘negative feeling.” Furthermore,
participants in negative emotion employed negatimase frequently while communicating.
LIWC results of positive and negative emotion wowgsre found to correspond with human
ratings of text samples, thus proving its suit@pilor automated valence detection of positive
emotion (Alpers et al. 2005, 370)

In accordance with its psychological origin, thé@s been much research on mental health
assessment with LIWC dimensions. Whilst not as regérib general community analysis,
positive functioning and characteristics are imaortfactors of well-being (Huppert and So
2013). Rude and colleagues revealed that people tiair attentional focus to themselves,
when being in physical or emotional critical sifoas (Rude, Gortner, and Pennebaker 2004).
They also use slightly more negatively valence woBlrprisingly an increase in first-person
singular use was found to be a better marker forassion than emotion categories from the
dictionary. Similarly, the usage of categories agded with higher cognitive complexity was
significantly related to positive psychological @ioning (Pennebaker, Mayne, and Francsis
1997). LIWC tracks these structures with numeratil@ensions: ‘cognitive mechanisn’,
‘cause’, ‘exclusion’, ‘negate’ and ‘prepositiongeasome examples showing increasing scores
when complex processes accumulate.

Communal Belongingness and Social Communication

The existence of positive relationships and feeloigbelongingness represents a further
significant influence on well-being. (Baumeisteddreary 1995) describe the wish to belong
as a basic human need, impacting well-being andthhéfanot fulfilled. Belongingness

describes the existence of interpersonal bondsignayvthe feeling of affective concern and
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stability. The need for belongingness is so ciititiaat total absence can be detected as a
common driver in suicide attempts (Joiner Jr. 20@®mmunal belongingness, as used in this
work, refers to the ability of community memberddel being a valued part of and identifying
themselves with the community (well in line withetimicro-level of assessment of TSR).
Communal belongingness is a valuable social indiday which to describe communities.

Among the several LIWC categories pointing to bglogness, frequency of first person
plural pronouns is a powerful indicator. An invgation found that internet chat room data
four weeks after Diana, former Princess of Walagitally died in a car accident, registered
sudden and significant increases of the categos/ f8tone and Pennebaker 2002). This
finding coincides with Joiner et al., stating tiratimes of national tragedies suicide rates drop
due to an increasing sense of belongingness witl@ncommunity (Joiner, Hollar, and Van
Orden 2006, 182). Another suicide study comparaxd samples of suicide attempters and
completers detected that the LIWC category ‘indns{e.g. with, include) is an effective way
to measure belongingness. This is especially éffeethen contrasting inclusive words with
the category ‘exclusion.” Finally, LIWC offers ama-category named ‘social processes,’
comprised of a diverse set of word groups to chiarae communal belongingness.

Social communication also allows for determiningtiss in terms of writers’ social hierarchy.
Whilst high-status individuals refer frequentlydther people (e.g. category ‘other’) low-status
members tend to be self-focused and use tentathguhge (Tausczik and Pennebaker 2010).
The authors also described the feature of linguistmersion concerning emotion. They based
this term on the results of a study dealing withmea in abusive relationships (Holmes et al.
2007). There it was found that women used stagibyisignificant more positive and negative
emotion words when experienced pain was highds imtuitive to assume that, in general,
adding emotion to communication depicts a deepemaitment to the subject, whereas formal
and superficial descriptions lack emotive words.

Linguistic Accommodation

One basic requirement for LIWC being a usable tigolits ability to detect individual
differences in language use. This potential wasrnaéld with the first study results
(Pennebaker and King 1999). Yet, in mutual commatioo people frequently tend to
converge their linguistic styles to promote so@glproval and communication efficiency
(Niederhoffer and Pennebaker 2002, 339). This @m®ce referred to as ‘Linguistic
Accommodation’, ‘Linguistic Style Matching’ or ‘Lguistic Mimicry’ and is closely linked to
the Communication Accommodation Theory (Giles, Gang, and Coupland 1991). Several
LIWC studies have elaborately researched this pnenon and resulted that even in online
chat rooms where stranger interact, mutual langaaiggtion could be detected after several
minutes and writing turns (Niederhoffer and Penkeba2002; Gonzales, Hancock, and
Pennebaker 2010). Accommodation influenced wordhtsyiemotive words, prevailing tense,
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complexity and many more. It was further revealat tntensity of adapting is not influenced
by mutual liking, but rather by the degree of ersgagnt to the conversation. That means a
superficially friendly discussion will be more liketo depict individual differences than
serious disputes. LIWC is considered well-suited docommodation analysis, as linguistic
mimicry represents a subconscious process, jushedunction words LIWC focuses on
(Gonzales, Hancock, and Pennebaker 2010). Obviossllgconscious partnership interest
strongly increases degree of engagement, agairogugplinguistic style matching.

Deception

People are considered to be the gold standardsassesf emotion and sentiment, and even
people often have difficulties in detecting writtdeception (Ott et al. 2011). As a result
automated lie detection is a fascinating researela as it goes beyond people’s natural
capability, and has innumerable practical and rebease cases. One mechanism that has been
applied to detect false stories is occurrence gichd mistakes and inconsistencies, i.e. high
complexity and topic information is required (J. ndack 2007). Researchers have
hypothesized that people who are actively engageatbception additionally differ in the way
they formulate the text. Whereas the lie constiubss some potential to control the story to
pretend sincerity, subconscious language pattergs function words) may be affected when
actively establishing an event instead of recitihgrom memory (Newman et al. 2003).
Newman executed a deception study with LIWC, inding participants to write each an
English text excerpt in support of and denial abréibn, presenting both views as if they were
the own opinion. Across studies with different ngettiput (elicited written statements, elicited
typed statements, video-transcribed statementd|,enero-bogs) it was revealed that liars:

1) Used less first person singular pronouns,
2) Expressed more ‘negative emotion’,
3) Used less complex terms.

The deceptive text samples reflected the missingopal relation to the story by their

decreased use of first person singular refereritgsPtevious literature on deception further

detected the intention of liars to dissociate thedwes from the lie, experiencing a bad
conscience (Newman et al. 2003). Tension and @uétthe explanatory variables for the
higher usage of negative emotion. Furthermore,réfggiired cognitive resources to deceive
somebody reduces comfort in adding structural cewifyl and results in a shift to simple,

descriptive verbs. Hence the score for ‘exclusidropped among liars and the category
‘motion’, consisting of simple verbs, showed anré@asing frequency.

With help of these findings LIWC was able to cotheaincover deceptive text samples with
67% accuracy. In contrast, human judges only dladsb2% of the same data correctly,
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basically the performance of guessing (Newman.e€2@)3). Obviously the critical difference
in language between false and true stories doesntptieak through the tellers’ subconscious
without awareness, but is also hard to be captoydsiman judges, as they focus more on the
content of stories than observing these hidderetidst

5.3 Applications of TSR

TSR aims at measuring and improving well-being émreection with provision of services.
Movement towards this goal requires, among mangrdttings,

1) Identifying and understanding the variables th#fect well-being in
conjunction to the service experience, and

2) Obtaining said data.

This chapter addresses that research gap by pngpesi extended framework based on
(Anderson et al. 2013) for the configuration ancheweement of these variables, along with a
comparison of existing data sources at the natiama international levels, and possible
methodologies to the collection of personalizecadaamely gamification and text analytics

(RQ 1.2.

The foundational argument to this thesis is thateruly missing are the tools and indicators
needed for designing TSR for individuals in thevesr pyramid. An obvious and important
use of currently existing data sources is to hdnamt serve as benchmarks for the coming
analyses. There are two such modes of use. Thadifer validating new instruments to be
developed by TSR scholars, as addressed in SeRtrExisting questionnaires and other
instruments (see Chapter 2 for a review of welheneasurement instruments), as well as the
data collected with them can be used in designaw imstruments and in testing them, e.g.,
for application in serious gameRQ@ 2.1). A second valuable role of these data is to sasve
comparison points for studies done at smallertutgiins or regions, e.g., constituents of a
given community RQ 2.4). Very often, targets of TSR will be particularsiitutions
(government agencies, commercial firms, NGOs, ¢h@) are on a much smaller scale than
the most widely-used, macro level surveys. Datgetaxd at a particular institution will be able
to compare the effect of the institution against tf the larger society, or in the formalization
of value co-creation between providers and conssimer

In summary, this chapter addresses both of thedlisequirements by surveying existing
literature and exemplary application contexts (deation and text analytics), and existing
data collection efforts and archives that are @vo TSR and that have high-quality data
publicly available (e.g, the GSS and Better Lifdidtive). A third contribution comes from
the delineation of well-being terminology and apations in a way which moves towards a
taxonomy of well-being measuremeR{ 2.1). Together, these sources of findings constitute
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something of a map of (some) resources—both ofreaqmual nature as well as hard data—
available to the TSR community. Building on a wealt existing knowledge and attending to
new developments, TSR is poised to contribute eoosty to fostering well-being.

On Defining Well-being for Progressive Community Management

Chapters 2 and 3 address the first two researcstiqne of this thesifRQ 1.1is addressed in
detail theoretically, defining the attributes nesaey for the use of well-being as an indicator.
To do this, well-being was delineated and defineoimf three viewpoints: economics,
philosophy, and psychology. A working definition well-being for this thesis, introduced as
Human Flourishing, was provided. Then the attributé transformative service research are
introduced as macro-, meso-, and micro- serviograstions. Macro-interactions refer to the
environment in which an individual exists; mescehmakctions represent the self-perception of
the individual’s place in that environment. Micrgeractions, by far the least addressed and
most difficult area to measure, are the foundatipsschological underpinnings which shade
the view of the individual in a given situation.dBaaspect is necessary to consider in TSR.

In describing the necessary considerations of thbsse service interaction®Q 1.2 is
partially addressed. Data collection for well-beings until now been largely offline with
representative populations via surveys and intervidJnaddressed is the replication of such
studies in online fora. Also unaddressed is thegeaity of well-being studies, which is to
say, what occurs when well-being is applied asditator for non-national scale assessment?
In measuring the micro-interaction of TSR, onlineial media promises to provide abundant
and varied data types from which to analyze petsoredl-being. The mechanisms and
supporting technologies of serious gaming and tar@lytics and their respective
methodologies are discussed as two particularlynfmiog aspects of the digitalization of daily
life from which to measure well-beingRQ 2.1). Gamification allows the elicitation of well-
being in a stated preference scenario; text antingemt analysis allow the reconstruction of
revealed preference via actual behaviors and esipres As such, this lays the groundwork
for applied assessments of gamification and tedtsmmtiment analyses based on online social
media in the assessment of well-being for useainstfiormative service research.



Part Ill.
Applied Well-being Measurement
In Institutions
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Chapter IV BeWell: A Game of You on Facebook

“How to gain, how to keep, how to recover happiriess fact for most men at all times the secret
motive for all they do.”

William James, Varieties of Religion Experienced@)9

esponsibly collected well-being data can drive ptiga institutional management.

Integrating the well-being data of individuals, ankeir history into a TSR

application has practical implications that areedily applicable to institutional
management: They can help managing complex comiasrot institutions beyond the less
precise instruments employed today. The relatigndfétween personal and communal well-
being is the fundamental base for TSR. At the ltdsesl, communities are made by personal
(meso-level) interactions with other individualspgps, institutions and events. (Micro-level)
perceptions of these interactions drive personagmtions of well-being, which among other
indicators is a (macro-level) predictor of sociathesion (Thinley 2011), a necessary
condition for progressive communities. Notablycdin be assumed that a significant drop in
the projected long-term expectation of an individuar a community’s well-being is a clear
indicator that calls a community manager to actioand provides a strategic advantage to
those community managers that are in possessiariadfl, in the best case online, that enables
the evaluation of such measures (Davies 1962).effieetiveness of TSR depends on suitable
data: It must reliably reveal the actual well-belegel of individuals as a comparable measure
and it must represent such levels timely distipet,granular enough to enable the construction
of trends and their analysis. Together, this walldw for the precise tracking of well-being
over time. For the purposes of this work, “instiat and “community” are used
synonymously.

Today'’s institutional indicators, notably turnovates, performance assessments, and absentee
tracking are no longer adequate, as they do nosesssthe multidimensional aspects and
conditional factors needed to manage institutidie challenge facing the management of on-
and offline communities, as well as the overallcess and health of institutions, is to identify
fitting well-being indicators utilized in an appmgte method (Ahn et al. 2011; Anderson et al.
2013). Constituents, decision makers, stakeholderaell as human resource divisions lack
adequate measures to determine the state of pggitall or social health in their institution
(Harter, Schmidt, and Keyes 2003; NEF 2009; Graftristianson, and Price 2007). This
knowledge gap hinders decision and policy makersrmiplementing TSR. To circumvent
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potentially significant gaps in knowledge, digite¢ll-being measurement is needed as a “best
practice” mechanism for tracking thriving on- anfflioe communities. The challenges in
accordance with Research Question 1.2 are twofold:

1) A mechanism for well-being assessment has to hgrisss and
2) A transparent yet secure data collector needs tiebeloped and tested.

This work explores the possibilities of the usegamification on social network platforms for
individually elicited, real time well-being data ander to populate a TSR application. Firstly, a
progressively larger series of surveys are impldatkronline as pilots; secondly, several
machine learning algorithms are applied to datdectdd via surveys in order to provide
insights regarding the dependencies between pdrsmibbeing (dependent variable) and
personality as well as demographics (independeriahlas). Thirdly, gamification and its

mechanisms are evaluated to address issues reyavound participation incentives using
techniques in social network propagation. This diaation lead to the development and
prototyping ofBeWell: A Game of You on Facebooka Facebook-based app for well-being
measurement.

This chapter is an exploration and extension of ¢b#ective works (Hall, Caton, and
Weinhardt., 2013; Hall, Glanz, Caton, and Weinha28t.3; Hall et al., 2012) as well as the
working paper (Wilckens and Hall 2015). It startishwa description of a pilot study, (Section
4.1) which reviews the validity of well-being suyvé#gems collected via online social media.
Section 4.2 reviews two feasibility studies of tise of well-being for progressive community
management and evaluates the statistical methatimaaohine learning algorithms used as the
prediction engine of the eventual game. The prpwBeWell: A Game of You on Facebook

is introduced (Section 4.3), then evaluated alonth wlirections for future work in the
measurement and assessment of personal well-bethgrdine participation (Section 4.4).

4.1 Application of Design Science to BeWell

Context-dependency of the effectiveness of gantiivamethods is repeatedly expressed in
scientific literature (see Section 3.2.3 for anrgi@v of the literature). In this section, those
incentive factors are introduced and discusseti@s piertain to the iterations of this research.
Further, four dimensions that served to analyze itmentive factors regarding their
dependencies among each other and prerequisitebevipresented. The original aims and
requirements were to identify a subset of incenfi@etors whose effectiveness could be
verified under laboratory conditions; it became appt that a more sophisticated approach
would be needed. To this extent, Design Scienceawgsdoyed.
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4.1.1  On the Suitability of Design Science as a Method

From a methodological perspective, the systematicgss of design that is Design Science
(Hevner et al. 2004; Peffers et al. 2007; Winted&0is well suited to address the research
questions introduced at the beginning of this altapthe usage of gamification elements to
create an application to measure Human Flourisisignovel approach to be addressed with
an instantiation of an artifact. The applicationtwb previously unused mechanisms together
and the various interactions and context dependsritiereof need to be investigated in a
manner that allows for rigorous evaluation. Priorokledge on the interaction between
Human Flourishing measurements and gamificatiomas available. Scientific literature
emphasizes the context dependency for the effi@pptication of gamification elements in
many respects (Antin and Churchill 2011; Deterdit@ll1; Siegel 2012; Vassileva 2012)
therefore it is difficult to deduct findings fromhmr gamified applications (see Seciton 3.2.3
for examples). The same is true for the purposefahtext-dependent inclusion of basic
gamification elements from the knowledge base. H&esign Science with its explicit
expectation of creative contribution fits well. Bily, the Design Cycle advocated by this
methodology is well suited to the research conalbtethis thesis, as seen in Figure 4.1.

Construct g Model
Method -‘Ils%lce
Construct 4 Model
Method .‘Tnsglce
Construction and eva-  Construct 4 Model

luation of situational Q
artefacts 1 Method ¥ (In¥ance)

Problem- - Construct g Model
specific adaptation +
of situational artefacts  Method  ¥Instance

{

Design science research
A

Figure 4.1: Design Science research cycle of (Winter 2008)

The ‘Construct-Model-Method-Instance’ cycle proader the means necessary to iteratively
create and improve such an artifact. This way,ldlo& of prior specification can be handled
through constantly bringing in findings from relatiterature, combined with creative input
from the researcher and continued evaluation by.test users.

Design Science enables the iterative reflection eodstruction of an artifact to define,
develop, demonstrate, and evaluate in a way thtilred to the exploratory nature of the
research at hand that is scientifically sound @efét al. 2007). In case of this thesis, it means
creating an artifact that investigates on the idiedt relevant problem of measuring well-
being as a serious game. Therefore, it must rgliabllect truthful well-being data and
incentivize its users to continuously provide ttigga. The artifact needs to be developed in a
way that inherently allows for its evaluation, thiay being suitable to provide a solid answer
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to the research questions. It needs to be demtedtidat the artifact fulfills its purpose by
setting it into a fitting application context. Dgsi Science is distinct from general system
building not only because it sets it emphasis encteation of innovative artifacts, but it also
inherently considers the evaluation of results.

In accordance with the principles of Design Scienbes thesis introduced four iterations of
online and progressively gamified surveys. Theatiens also had progressively more
observations per participant.

1) An initial pilot study testing cross-sectional HumBlourishing reporting
online (n=174), released on Facebook,

2) A longitudinal survey with four observation poingévaluating Human
Flourishing and personality in 2013 (n=85), annathon Facebook and
email,

3) A larger scale instance of the second iteratior84i3F in 2014, announced
on Facebook and email,

4) A fully gamified proof of conceptBeWell POC) iteration evaluating
Human Flourishing and personality (n= 121), reldas® Facebook.

All iterations were introduced and completed betwédely 2012 and March 2014. Iterations
two and three were held consistently over the iMadnesdays that occur in February over
two years to allow for consistency in reporting. diesdays were chosen to avoid spikes and
dips in happiness due to the occurrence or endingeekends. A test question “Take a look
out of the window. How is the weather today?” wamplemented at the start of each survey
with a free-text box. This was used to both filtlerserious respondents, and the mitigate the
effect of the weather on mood (for a discussiomai to mitigate the impact of weather on
subjective states, see (N. Schwartz and Clore 1B8Bneman and Krueger 2006, 6)). The
coming section discusses the design issues céatthe application of gamification to well-
being measurement.

4.1.2 Identification of Incentive Factors

Possible incentive factors that could be applieth®envisioned, final version &feWell: A
Game of You on Facebookvere identified and clustered into different greufphe groups
identified are “Inherent, nearly-exclusive incert of BeWell” consisting of incentive factors
that deal with the calculation, charting, and dife forms of comparison of well-being data;
“Further intrinsically motivated incentives” contsigy of items that link to the helpfulness or
demand for self-expression of the user; “Basic gameehanics” that describe an supportive
application environment and point system; and “8loolechanics” that contain incentives
designed to take advantage of the motivationateffef direct user-to-user interaction.
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Having identified a rather high number of factamsthe literature (Section 3.2.3), each was
examined regarding the four dimensions Implemelitabi Context, Testability, and
Miscellaneous described in the below Table 4.1.

Table 4.1: Dimension of incentivization in serious games
Dimension Description
Implementability Are there serious constraints that could hindeirtiigementation of the
proposed incentive factor?
Context Is the functioning of an incentive likely to depewit a “real situation” that
could not be simulated in a laboratory-like setting
Testability Does it seem demanding to test an incentive fdioause it would require a

high amount of data or time, including the needhotftiple sessions on different
days (with the same test user(s))?

Miscellaneous Other possibly problematic points of interest, cpes it seem likely that the
usage of an incentive factor could interfere whth tisage of another incentive
factor? Does it seem likely that the usage of apritive factor could interfere
with the collection of unaffected (truthful) welklmg data or with the basic
protection of the users’ privacy?

In short, the context specificity of most incentif@ctors is indeed present, as well as
interdependencies amongst the factors. Given theeabonsiderations the creation of a proof
of concept implementation that implements a pldasikubset of the identified possible
incentives was devised. That subset was chosenwayato provide the necessary overall,
interconnected context of well-being gamificatidwlditionally, testing should be done under
realistic conditions, i.e. the proof of concept lempentation should be released to Facebook.

4.1.3  Objectives of the Solution

The proof of concept implementation BeWell POC haariety of objectives. That is caused
by the fact that it bridges several areas of kndgée namely bringing together gamification
with well-being measuring as a web application whitoviding for built-in evaluation. The
objectives are framed through an iterative proggts multiple repetitions and refinements. It
contains application of findings from literatureview, the purposeful inclusion of success
measures, building early proof of concept impleragons, review by testers, comparison with
other gamified applications, and the adaptatiorbest-practices. This way the objectives
evolved from a rather small, mockup-based firsiovido a more sophisticated, rather feature-
rich vision of BeWell POC.

BeWell POC supports experimental setups and tHeatimn and storage of an extended set of
data. The data collected generally allows for beggresented and analyzed in a variety of
ways, including statistical methods (discussed éctign 4.3). BeWell POC focuses on the
effectiveness of certain gamification incentivesl ahe meaningfulness of the flourishing-
related data provided by its users. In the sendeesign Science, it is planned to be a step
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within the overall iterative process to constructjanified application for measuring well-
being.

Primary deduction from gamification

Besides motivating the decision to move on with tevelopment of a proof of concept
implementation following Design Science, the idficaition and examination of possible
incentive factors also produced the following $taripoint for defining its objectives: BeWell
POC needs to mimic a realistic environment for dahi well-being, including a basic
“gaming platform” with the implementation of an adately high number of additional,
interconnected incentives. Additionally, BeWell PGEbuld not use incentives that allow for
the comparison of Human Flourishing scores asfti® of comparison could have harmful
influences on truthful reporting by some users {Ryfd Keyes 1995; Guven and Sgrensen
2012). A constantly visible Human Flourishing o$@ecific social sub-network or of specific
users could be (mis)interpreted to be a “refereszoee.” This could cause several reactions. It
could be possible that a user with a non-averageesexperiences the (subconscious) urge to
manipulate his reporting behavior to get closerthie reference score (Utz, Tanis, and
Vermeulen 2012). While one can imagine that thissjgecially true for sub-scorers, depending
on a user’s personality and/or social context atsadoption in the other direction could occur
for high-scorers. Further, one could think of adbr that aims at keeping a certain distance
to the average or specific “benchmark” score (DiXx®ill). Just as well, users (overly)
convinced of themselves could (subconsciously)egaas necessary for their self-image to
have scores over average or to “perform betterh thgecific users selected to benchmark
against (Guven and Sgrensen 2012). Further reseamthbe undertaken regarding these
suspicions, but the current iteration of BeWell P@T concentrate on the basic applicability
of gamification to well-being measuring.

The initial selection of this additional incentivems basically inspired by the list of possible
incentives for “BeWell: A game of you on Facebodg&ge left column of Table 8 in the first
sub-chapter of the Appendix). Over the course oEliwing and extending BeWell POC to its
release version, most of those incentives weredmphted in some form. This is particularly
the case for the groups “basic game mechanics™ @3) and “social mechanics” (26 - 29).
The incentives related to knowing one’s own weikigelevel and its evolution/history were
the only ones from the group “inherent, nearly-axisle benefits / incentives of BeWell” that
were implemented by BeWell POC. This is due toftet that incentives that allow for the
comparison of Human Flourishing Scores were ddliledy excluded. In an attempt to
represent the group “further intrinsically motivaétmcentives”, badges were designed in the
two distinct and leveled flavors “Scientific Advasiand “Better World”.
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Iterative refinement and final scope

Over the course of development, the primary objestwere refined and extended in the sense
of Design Science. For building a foundation, acfiomal, error tolerant Facebook application
is implemented and equipped with a configurable €Qion Engine” that allows for reliable
and varied data collection with support of diffarguestion types (slider-, pictogram-, and
text-based). An algorithm to calculate the HumawuFikhing Score of the user is designed and
implemented based on the calculation of Human HBhbimrg found in Equation 2.3. Finally, a
subset of additional gamification incentives isvyided within the application to create a
realistic environment for gamified well-being.

From the necessity to measure the success of B&¥€ll and due to the implications that the
creation of a potentially far-spreading Facebookliaption has, additional or supportive

objectives were deducted. Tracking capabilities &tlaw recognizing application errors, how

the application is used by participants, and the afsincentive mechanisms by participants
were implemented. Also, a built-in questionnairediion was implemented. All user-provided

and tracking-related data was stored in a wayithptivacy sensitive and allows for versatile

analytics. Basic demographic data about the uselyding gender, age, country of residence,
and highest successfully completed level of edanatias collected in a way that allows for its
change by the user to accommodate non-truthfulrtiegoon Facebook’s About Me section.

Further, recognizing the personal nature of the daillected basic protection of the user’s
privacy is to be supported. Being a web applicatmunter measures against a basic set of
well-known attacking methods in the web environmenist be included. Finally, BeWell
POC was localized in English and German, beingntlest prevalent languages within the
expected user base. This was meant to lower eetiaaciers and to reduce the risk of false
reporting because of language-dependent misunddists.

4.2 Well-being in Community Management

To test well-being’s reliability when collected vianline social media and the general
willingness of participants to participate in TSRel data collection exercises, a pilot study
was conducted in July 2012. Using the definitiorftdippert and So 2013) the pilot looked at
the ten basic items of Human Flourishing (see 8ecH.1.4). The presence of positive
emotion, competencé;), meaningf;), engagements), positive relationshipd4), emotional
stability (c;), self-esteem o), optimism ¢€3), resilience ¢,), and vitality ¢s), and
demographic questions were asked in an online guiaienat (See Appendix | for survey
details). The survey applied (Huppert and So 2@&L3)uman Flourishing survey, as
addressed and calculated in Section 2.1.4, Equati&n
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The responses showed high validity and a reasorsalipling of typical online social media
consumer (For demographic information, review tterkn(Hampton et al. 2011)). This is a
positive reflection on the ability of serious game<licit data for the purposes of TSR. 174
respondents completed the survey. Of these, 22mwexed in German and 77.6% answered
in English. Respondents’ self-reported locationdNwrth America (78), Europe (75), Asia
(12) and Africa (1), with eight declinations to pesd. 94 respondents self-reported their
gender as ‘Female’, 74 as ‘Male’ and six resporgldetlined to report a gender. This gave a
slightly higher response percentage from women {(548an men (42.5%), a potential
selection bias issue. Self-reported educationaimattent shows 130 of the respondents hold
at least a Bachelor's degree. The age distribigimws that most respondents are between 20
and 40 years old (Figure 4.2(a)).
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Figure 4.2: (a) Age distribution of the survey respondents,Histogram of Human Flourishing
scores

Based on the formula of Human Flourishing (Equa2o), a raw, human flourishing score
(HFS) was calculated. The distribution of the HFiS’shown in Figure 4.2(b) as a histogram,
where the vertical line shows the cutoff value 6P of the maximum achievable score,
which was used by Huppert and So to distinguiskveen highly flourishing and the rest of
the population in their initial study. Calculatetl the .80 threshold, 13 participants (7%)
would fit Huppert and So’s definition of being hlghlourishing. This is considerably higher
than the 7.3% reported in (Huppert and So 2013),8d&ly due to the differences in
geographic regions sampled in the two populatidisc(ssed further below). The mean value
of HF is 0.49, with a standard deviation (SD) &f(@.

Non-parametric Mann-Whitney-U tests (Wilcoxon rasum tests) and Kruskal-Wallis tests
revealed that there was no statistically significdifference between HF based on gender,
age or education. However, a Wilcoxon test on tlilerénce between HF reported from
North America and Europe, (as well as a Kruskallwalest between North America,
Europe, and Asia) revealed statistically significdriferences at the 1% level. That North
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Americans self-report higher well-being levels tHamopeans is well-established (Okulicz-
kozaryn 2011); it should be noted that self-repgrtivell-being and actual experience of
well-being are not to be conflated. It would bedrrect to say that North Americans are
happier than Europeans.

Table 4.2: Spearman’s rho of Human Flourishing with significartevels
(***: p<0.001, **; p<0.01, *: p<0.05)
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Considering the correlation values of the ten iterhBluman Flourishing (see the Spearman
correlation values in Table 4.2) in the pilot stuthere is a positive correlation between all
items with the exception of resilience. This is Botprising based on the way that the HF is
calculated. It is found that none of the input &htés display multicollinearity, the status of
having two or more items that are highly correlafpabaning that items, combined or not,
could linearly predict the others) (Belsley 199hwever, these correlations do not replicate
the Spearmen’s correlations found in the initiadgt(Huppert and So 2013), likely due to the
difference in sample size. The pilot study showat tvell-being can be reliably recorded
online, and that public propagation would be aifdasnechanism to gather TSR data in the
future. The initial use case verifies the suitaypitif this data to be used in in support of TSR.
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The pilot was however based on a cross-sectionalystTo be further investigated is the
scalability of such a system in a longitudinal ggpased to cross-sectional study. Such a
measured approach is in line with the iterativainesments of Design Science.

Second and Third Iterations in the Design Cycle

Human Flourishing values are subsequently invetgtihas a prediction problem- that is, can
well-being be predicted (individually or in subgps), when psychometrics and
demographics are considered in a longitudinal soghalo approach this, the second and
third iteration of the online survey with four seqial questionnaires and an overall number
of 126 questions was launched (Figure 4.3 revéasvariable structure; see Appendix | for
the full listing of items). The second iterationsveompleted in February 2013 and the third
in February 2014. These psychometric tests haveviawance over time, and thus can be
tested once and still are considered valid forléingth of this one-month survey (Huppert &
So, 2013; John, Donahue, & Kentle, 1991; Schwairtal.e 2002). Respondents were given
the option to review their results at the end @f thur weeks. The 2013 iteration generated a
dataset of 85 participants during a four weeksqgaenm February 2013. The February 2014
iteration expanded to 343 participants.
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o5 — O Positive emotion
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O Health
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"
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(Big Five (O consciousness -
Pers_o}nalltit))/ O Neuroticism Measured each four times (once a week)
raits
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O Calculated decimal measures @ Classified measures from questionnaire (Likert scale)

Figure 4.3: Independent and dependent variables in a well-bgiediction scenario (represented
as a question mark)

The participants were asked by email to answeraurestionnaire each Wednesday in the
month of February, 2013. Of 85 initial respondefntsn the first questionnaire in week
one 66 participants completed all four questioremientirely. Nine participants aborted
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after week two and another four participants afteek three. From seven participants
only single values are missing, with an overalkla$ 14% of the participants across four
weeks. Self-reported gender revealed a 50-50% &male split, with one non-response.

Three participants who completed the surveys sgibirted being located in Asia; 22 from the
United States; and 34 self-reported locations withurope, with four declining to respond.

78% self-report being age 35 or under. 85% of redpots reported being currently

employed. 81% of the respondents self-reported t&ting at least a master’s degree. 86% of
respondents refer to themselves as “moderatelytyéalr “very healthy.”

Due to the small sample size, it was decided teakephe survey during February 2014,
exactly one year after the first series in orderatmid seasonal influences. An additional
dataset with 343 respondents for the first questioe was generated. The questions and the
setting for the four questionnaires were identitmlthe one in 2013. 296 participants
completed all four questionnaires. While still sineilis sample is meritorious of application
of advanced statistical techniques. In total 1Zpehdent variables and 4 Human Flourishing
score (HFS) data points were calculated per ppatnti and standardized with minimum zero
and maximum one for the descriptive analyses. ldeorto perform machine learning
algorithms the data is further normalized to zermamand SD of one per variable. These
include six demographics and seven psychometricsones, calculated upon single items. If
one of the 13 input dimensions was missing, or lgesti reported less than three HFS data
points were available, the subject’s informatiorsweaminated from the dataset.

4.2.1  On Survey Item Suitability

A principal components analysis (PCA) was completgth the February 2013 iteration,
considering the survey items proposed and validégd(Huppert and So 2013; John,
Donahue, and Kentle 1991; B. Schwartz et al. 2@mitt and Do 1999). Inspection of
the correlation matrix showed all variables hatkast one correlation coefficient greater than
0.3, meaning PCA is a valid data reduction methcalder 1970). The overall Kaiser-Meyer-
Oklin (KMO) measure was 0.818 with most individk&¥iO measures all greater than 0.7,
classifications of 'middling’ to 'meritorious’ acdimg to (Kaiser 1970). Exceptions here are
‘Optimism’ at 0.621; Maximizing at 0.499; Fairness0.352; and Engagement at 0.667. In
accordance with the recommendations of Kaiser, ethisms are retained but closely
observed. Bartlett's Test of Sphericity was statdlyy significant < .0005) indicating that
the data was likely factorizable (Gleser 1966).

PCA revealed five components that had eigenvalueater than one and which explained
37.4%, 9.1%, 8.3%, 7.4%, and 6.0% of the totalarare, respectively. Visual inspection of
the scree plot indicated that all five componehtsutd be retained (Chou and Wang 2010). In
addition, a five-component solution met the intetpbility criterion. As such, five
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components were retained. It must be noted hetéarthime with the KMO results, the fourth
and fifth factor are weakly clustered with othemits.

Table 4.3: Component transformation matrix
1 2 3 4 5
1 .815 489 .304 .061 -.023
2 -.037 -.437 .802 .136 .383
3 -.385 .560 277 -.633 .245
4 419 -.396 -.335 -.563 .488
5 -.103 .316 -.275 .510 744

Extraction Method: Principle Component Analysis.
Rotation Method: Varimax with Kaiser Normalization.

The five-component solution explained 68.2% of thial variance. A Varimax orthogonal
rotation with Kaiser normalizatidhwas employed to aid interpretability. The intetption

of the data was consistent with the personalitsibaites the questionnaire was designed to
measure with strong loadings of well-being items @omponent 1, personality items on
Component 2, optimism items on Component 3, maxtion items on Component 4, and
fairness items on Component 5. Component loadingscammunalities of the transformed
solution are presented in Table 4.3.

4.2.2  Data Descriptives

Firstly, the similarity of the two datasets is ass#l. The high percentage of explained
variance indicates a larger deviation between ggetnts than within each participants HFS
trajectory (Table 4.4). This is an indication tivadividuals are by and large consistent in their
reporting, though there are differences acrossiddals. This can also be found within the
SDs (Table 4.5).

Table 4.4: Explained variance of weekly HFS by the HFS average

HFES HFS HFS HES Average
week 1 week 2 week 3 week 4

Weekly HFS variance
explained by HFS averag

79.96% 88.72% 86.21% 79.76% 83.66%

The averaged SD within each participant’'s HFS \v&l{@e077) is 2.5 times smaller than the
SD between participants averaged HFS value (0.19®1shown in Table 4.4, the averaged

!9 This is chosen as it is standard in well-beingréiture. See for example (Diener 1994; W. Wilson
1967; B. Schwartz et al. 2002)
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HFS per participant accounts for 83.66% of the araré within the weekly HFS data, a
significant increase from the pilot study.

Table 4.5: SD between and within participants’ HFS trajectory
2013 Dataset 2014 Dataset Combined Data
AVg. SDyithin particpant 0.0787 0.0765 0.0769
SDDet\Neen par[icpants 0.2035 0.1915 0.1954
Ratio 2.59 2.50 2.54

When considering the seven personality traits testeoughout the survey (sensitivity to

fairness, maximization, extroversion, neuroticisngptimism, agreeableness, and
conscientiousness), the results across subpomsdatioe much more varied than are found
throughout the Human Flourishing items. This isaemaging, as the attributes here are a
hypothetical basis of how the gamified survey pedivell-being based on subpopulations.
An overview on the resulting data dimensionalitgegn in Figure 4.2.

Figure 4.4 provides a descriptive impression ofHik& distribution in which data is sorted by
the averaged HFS per participant, and reflectsvarsed sigmoid distribution. The solid dark
line indicates the averaged HFS per participar;etror bars cover each participant’s single
weekly values from minimum to maximum. The samglenell distributed over the whole
well-being scale from zero to one with an averafj®.65 as presented in the density plot
(Figure 4.5). The small peaks at zero and one trésuh special characteristics of the HFS,
which has several input constellations leadingxtoeenes at zero and one.
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Figure 4.4: HFS distribution
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For each individual HFS data point the hour of dlag has been recorded, in order to control
for possible influences caused by responses iddlgeor night. Except for a slight decrease in
the late evening after midnight, no significantliehce was observed. Moreover, the lower
averages during nights are based on a few valugshigh variance only and are hence not
further considered as standard.
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Figure 4.5: HFS density

In order to check for multicollinearity, a graphicapresentation of the correlation matrix for
all variables in the dataset is given in Figure #.& found that none of the input variables are
highly correlated to others. Additionally, the camh of the input matrix is 12.6, indicating
weak dependencies (Belsley 1991). As a result,icallihearity is not considered, indicating
that multivariate models can be applied withouijmes feature reductions.
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Neuroticism — - 10
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Figure 4.6: Correlation matrix (absolute values)

Overall, the items found in the employed surveys fmund to be suitable to the task of
assessing individuals’ psychometrics. As the unyilagl structure of the data is factorizable
without multicollinearity, it is also suitable foise in prediction problems.

4.3 Evaluation Methods of Well-being and Baseline

Personality Traits

The data has several characteristics. It is seasiis it deals with personal standards and
perceptions; it is noisy, due to the multi-layerlection method; and while correlation
potential between the interplaying factors is gassicausation is nearly impossible to reach.
The downside is however that there could be a kigfly amount of signal variance across and
within people, making it a non-trivial classifiaati problem. A high degree of computational
analytics with a high degree of sensitivity is negd to make well-being prediction feasible.

After calculating Human Flourishing, a multiplediar regression was modeled for predicting
the Human Flourishing score as a dependent varfatnhe the psychometric attributes. The
assumptions of linearity, independence of errorsmdscedasticity, unusual points and
normality of residuals were met (Nelder and Wedderb1972). The linear regression
established certain psychometric traits could staslly significantly predict Human
Flourishing,F(13, 51) = 9.116p < .0005 Regression coefficients and standard errors ean b
found in Table 4.6.
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Table 4.6: Results of a linear regression model, Human Flaingsand psychometric attributes
Unstandardized Standardized t Sig.
Coefficients Coefficients
Model ‘ B Std. Error Beta
(Constant) 194 .236 .822 415
MS Scale -.013 .021 -.061 -.640 .525
Extroversion .070 .020 .346 3.568  .001**
Agreeableness .057 .034 .187 1.703 .094
Conscientiousness .003 .029 .031 117 907
Neuroticism -.102 .023 -.452 -4.479 .000***
Openness .015 .024 .060 .634 .520
Fairness .041 .025 .149 1.613 112

Dependent Variable: Mean Human Flourishing Score

With an R score of .727 and R Square of .528, ¢asibility of making predictions of Human
Flourishing is considered to be reasonably accufidies is further confirmed by the results
of an ANOVA on the linear model (Table 4.7) whicbnéirms that at least one of the
predictors has a highly significant correlatioioman Flourishing.

Table 4.7: Analysis of Variance (ANOVA), Human Flourishing apgychometric attributes
Sum of ,
df Mean Square F Sig.
Squares
Regression .899 7 .128 9.116 .000***
Residual .803 57 .014
Total 1.701 64

Dependent Variable: Mean Human Flourishing Scomedietors: (Constant), Fair Mean, MS Scale,
Extroversion, Neuroticism, Openness, ConscientiessnAgreeableness

Of the seven predictors, neuroticism and extrogersiave the highest weight (discussed in
detail below). Neuroticism is highly significant tte 0.001 level with a negative coefficient
estimate. This indicates that higher levels of ogaism predict lower flourishing levels.
Extroversion is also highly significant at the QLO@vel with a positive coefficient estimate.
This indicates high extroversion is predictive a@jrhflourishing levels. The strength of these
two relationships to overall Human Flourishing &=is notable, as it suggests that inferences
about the population can be made.
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4.3.1 Assessment of Predictive Models for Well-being Reéidn

Important to the utilization of prediction well-lbgj for community management is the
assessment of the best performing model. To thahgxhe generalized linear model (GLM)
(a backbone of machine learning) and the machiaenileg algorithms from the kernel-
smoothing?® neural network; and feature selectiéhfamilies were applied (Figure 4.7).
Whilst interesting results were found across thifedint models, the best overall performance
was found with the GLM, with close performance avkd with the local linear regression
family. Linear Extreme Machine Learning meets therf@grmance standards of GLM.
However, GLM was selected as the benchmark duetstooverall low complexity in
comparison with linear Extreme Machine Learning.e@ll performance considers both
accuracy of prediction by observations and expthimariance. This section explains the
results of the GLM, and supplemental informationthaf performance metrics of can be found
in Appendix II.
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Figure 4.7: Accuracy comparison between deployed algorithms feell-being baseline
prediction

% Including K-nearest neighbor, non-parametric resj@n, LOESS, Splines, and NPREG.
! Including Stuttgart Neural Network Simulator foraRd Extreme Machine Learning.
2 Including lasso and elastic net regression, ang llsso regression.
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The GLM is an important benchmark for advanced rimectearning algorithms considering
non-normal input variables. The GLM is a generdiizaof the standard linear regression that
allows for non-normal distributed dependent vagabiMcCullagh 1984). Therefore, a GLM
including all 13 predictors and the averaged HFSegsendent variable is conducted with 10
times repeated 10-fold cross-validation. Multi-fal@ss-validation on has been proven to be a
valid bias-reduction measure (Zhang 1993). The Gigsults in an R2 of 0.54 and a root-
mean-square-error (RMSE)of 0.68. The non-cross-validated standard lineadehfitted to
the entire dataset reaches an only slightly bdRfISE of 0.66, so that over-fitting is an
unfounded concern for this model. The results guakfor both combined datasets: for 2013 a
RMSE = 0.67 and for 2014 a RMSE = 0.69 is achieved.

Compared to the SD of the averaged HFS (normaliee8D = 1) the GLM predicts the
independent variable 32% better than a simple geerprediction. Each predictor's
importance, measured by the absolute value of$tetistic, is given in Figure 4.8.
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Figure 4.8: Predictor importance in GLM (t-statistic)

The indicated results support previous researattiigteng neuroticism and extroversion as the
most important factors by far (Steel, Schmidt, &tailtz 2008; Hall, Caton, and Weinhardt
2013) followed by conscientiousness and the selbmted healthy lifestyle. Notable is that
neither differences in location nor education haw&rong impact on the prediction accuracy,
contrary to previous literature (Okulicz-kozaryn12Q Blanchflower and Oswald 2008;

Mitchell et al. 2013). For the regression coefintgesee Figure 4.9.

% Also called root-mean-square-deviation.
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Coefficient Plot
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Figure 4.9: GLM Regression coefficients with standard errorsbar

As seen in Figure 4.8, neuroticism is strongly mhiegly and extroversion strongly positively

correlated with the HFS. Gender is negatively dateel; indicating male participants tend to
report lower well-being than female. Education,rrfess, location, age and employment
situation have no significant influence on welldogi(p > 0.1). Notable is the comparably
strong negative correlation of the personally peetk health. The healthier the participant
judges himself to be, the lower is the measurediveehg index. The origins of this result are
unknown and not discovered in subsequent analy$escoefficients of the GLM are listed in

Table 4.8.

In order to test for possible interactions, the Glusls fitted with linear interaction terms. The
non-cross-validated fit has an RMSE of 0.55 (coragaio the GLM without interactions:
RMSE = 0.6% with a significant, positive interaction term foptimism * age (p < 0.05).
However, if the GLM with interactions is 10 timespeated 10-fold cross-validated, the
accuracy drops to RMSE = 0.83. Consequently, ttexdantion terms do not explain structural
variance, but rather over-fit the data.

The results are of the general well-being prediciwoblem with the averaged well-being
index per person as the dependent variable. Thétseatisplayed in Figure 4.8 indicate that no
linear dependency exists between the 13 predietoabies and the dependent variable, which
is the normalized SD between the four HFS measpeegarticipant. All predictors are not
significant (p > 0.05) and the overall 10 timesea&ted 10-fold cross-validated model explains
less than 1% of the variance within the participaifS SD RMSE = 0.99%
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Table 4.8: GLM coefficients with no preprocessing, 10-fold tifdes repeated cross-validated
Estimate Std. Error t Pr(>|t])
(Intercept) -.003 .052 -.059 .952
Neuroticism .039 .069 576 .565
Extroversion -.059 .059 -1.003 .316
Agreeableness .044 .060 732 464
Openness .004 .056 .075 .940
Conscientiousness -.044 .059 -.738 460
MS Scale .078 .059 1.325 .186
Fairness -.064 .054 -1.194 .233
Health -.020 .059 -.341 .733
Age -.053 .063 -.852 .394
Location .089 .053 1.672 .095
Gender .002 .059 .042 .966
Education -.011 .062 -.182 .855
Job -.007 .055 -.133 .894

A similar analysis has been conducted on the sbb@ach participant’s well-being trajectory.
To do so, each participant’'s four HFS data pointrewseparately fitted with a linear
regression. The regression coefficient indicating $lope was then normalized and used as
dependent variable in the GLM. However, the resglsLM does not explain any variance
between the participants well-being slope uponltBgredictor variablesRMSE > ). None

of the predictors had a significant influence (p.85).

4.3.2 Summary and Comparison

RQ 2.1 addresses the ability of well-being data to baldee prediction of participants’ well-
being baseline and the corresponding well-beingedtary upon the psychometric and
demographic input variables. Different machine né@ay approaches have been tested.
However, the algorithms do not achieve a combinghdr accuracy and explained variance
than the generalized linear model. Three possiblses would explain the obtained findings:
Firstly, the conducted algorithms might not be dbldit the existing structure within the data
sufficiently. Secondly, the existing dataset is syall in order to differ between structural
variance and noise, so that cross-validation ehtai; existing structures. However, the
accuracy analysis for smaller subsets does natateliarge accuracy gains by larger samples.
And thirdly, the linkages between personality adl ws demographics and well-being are
fairly linear and consequently well-described bg teneralized linear model. These linkages
have proven to be quite robust and consistent litghature, and can be taken as a design
requirement for further TSR applications. It alsports Chapter 3's proposed TSR extension
of micro-level factors, as personality and wellrigeare strongly correlated.
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According to the algorithms performed, neuroticisnthe predominant variable, followed by
extroversion and conscientiousness, which is imm@ance with the existing literature. As a
new measure in well-being literature, the maximigatisficer scale and the participants’
fairness perception, have been tested for influen€he first mentioned is found to provide
reasonable contribution to the well-being basel@lanation when analyzed by non-
parametric algorithms, since a local U-shaped cumas been found in some analyses.
However, it is the recommendation of the studyely of GLM for further predictive models.
Fairness perception did not explain additional alaze and should consequently not be
considered as relevant in subsequent analysessare is true for most of the demographic
variables, with the exceptions of gender and age.articipant’'s education, employment and
location did not provide any added value. Wherdblyas to be noted that this study’s sample
is not sufficiently representative with regardsacation.

When applying psychometrics as predictors (namelyraticism and extraversion, along with
others) in a generalized linear model, well-beirmjadhas shown its suitability for TSR
applications. With a partial positive verificatioof RQ 2.1, the research moves on to
iteratively and fully address the question.

4.4 BeWell: Prototyping A Game of You

Building on the previous sections, the proof of aept Facebook apBeWell: A Game of
You is introduced. The app’s key aspect is to calculepeatedly a user's HFS. With a focus
on community management and the various conceemnedf this section presents a method to
calculate individual HFS based on (Huppert and @b32 John, Donahue, and Kentle 1991).
Here, gamification comes in: BeWell POC seeks tooarage participants to provide data
necessary for the calculation by applying gamifaratmethods in a Facebook application.
Being a web application, BeWell POC additionallges advantage of cost-efficient and real-
time data collection and analysis, amongst otheigth as well as mechanisms of participant
motivation and incentives for truthful informatiaevelation. Section 4.4.1 discusses the
gamification methods employed; Section 4.4.2 fosuseimplementation of the artifact.

4.4.1 Iterative Design in Gamified Well-being

The interface is built as a Facebook app; as th& pmpular social network platform with the
most established APIs, Facebook is a prime platfomthe inception and engineering of new
participatory technologies to access well-beingrimfation. Flourishing scores are accessible
to participants throughout the game. Individuallveeling scores, defined by survey responses
to Human Flourishing questions, are the means bighwbne creates their own well-being
map. During registration, participants authorizefipg data access rights of demographic
information including age, gender, location, anghbist level of education. Demographics are
central for clustering participants based on comnagmtity markers. When patrticipants are
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linked with various well-being aspects and comnaemtity markers, clustering of participants
based on wider identity aspects than their initietwork is enabled. Access to post on the
participant’s timeline for achievements like levebmpletion is requested as a social
reinforcement of rewards, and a participation itisenmechanism. The high-level architecture
is detailed in Figure 4.1@®eWell POC was available in English and German.
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Figure 4.10:BeWell: A Game of You on Facebook component design
Tasks, Missions, and Levels

The interface is accessed in different echelonduman Flourishing related question set of
tasks; the response mechanism; a portal to vievsopat game statistics, points, and
flourishing score; and a pathway for individual asmcial comparison. Tasks are the main
activity of the game. Tasks are questions baselgotimn on exogenous factors like weather and
life events, and nine of ten items of Human Flolimng (competence, meaning, engagement,
positive relationships, emotional stability, sedteem, optimism, resilience, and vitality).
These nine items are the game missions. Tasksnassigh groups of either positive
functioning or positive characteristics, and arehmd in a reminder format. Each task is offset
by a question on positive emotion, the tenth itdrileman Flourishing. Positive emotion is
named as essential to well-being in SWB as welPAfB, and is therefore a requirement
for task completion. After a task series is dohe, participant moves to the next flourishing
item. Participants who finish all tasks in eithdr the missions comprising the positive
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functioning level or the positive characteristiesdl are rewarded with a level up to either the
uncompleted level, or a new treatment group.

Treatments and Pathways

The use of three treatments is a research innovgti@vious surveys of well-being are done
via a singularly formatted questionnaire or onetdiocus group (Diener 1984b; Veenhoven
2008). However, using multiple treatments is ahtrrgvelation mechanism as it checks the
user’s reporting of their flourishing level througffiree different representations. This is an
important check due to the introduction of gamifica. By hosting a well-being survey in
a gamified portal, gamified personas could be iedudy validating users against their own
well-being data, the risk of incidental researcshs partially mitigated.

Pictographic representations are the first treatngeaup. Participants are required to build
flourishing related graphics to reveal well-beiRgctographic representations of well-being are
mapped to Likert scoring mechanisms based on thietin of positivity and negativity in
the emoticons (Figure 4.11). The scaling is relatedHuppert and So’s flourishing scale
(Huppert and So 2013). Task completion means aimglithe pictograph.

How happy are vou?

YOLLE

Figure 4.11:A pictographic option of measuring happiness levels

Text analysis is the second treatment. Participgins free-text answers to flourishing
questions to complete missions. Text gathered tlenresponses is analyzed for correlation
with the Human Flourishing category being testeddifional clustering could be completed to
search for commonalities in well-being represeatatbetween unaffiliated participants,
revealing new dimensions of well-being definitionBext-based responses are manually
reviewed. Individuals with high personal assessmehtwvell-being can be expected to use a
high amount of positive emotion words, a low to mx@de amount of negative emotion words,
and words that correspond with positive functionamgl positive characteristics. Accordingly,
text-based tasks are converted to Human Flourisstnges based on the presence and absence
of positivity and negativity in responses. Howee input by participants in the text analysis
treatment is below the critical mass needed forappropriate analysis, and is therefore
excluded from this analysis.

The final treatment is a mixed-series between pgrefohic and text-based representation. The
analytics function will read the terms and shadab® exercise to score well-being. Similar to
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the text only treatment, additional clustering mayeal unpredicted aspects of well-being
commonalities or functions that would otherwise agmhidden. This series allows for a more
thorough comparison between both the balance guesind the other treatments. Like the
pictographic treatment, task completion requiresdbmpletion of the entire exercise.

Point Accumulation

Successful completion of tasks and missions grawoitsts that are redeemed for a variety of
rewards (e.g., further access into the social grapbposing rights for new levels, prizes, gift
cards). Points are not the participants’ well-besngre. Points are granted for not only mission
completion, but also propagation efforts. A bagelpoint bonus is given to participants who
propagate to friends. By granting points for introry propagation, participants are enticed
to continue both playing and propagating. Highlyogargating participants receive an
additional point bundle if threshold levels of peigants linked to the gamer participate.

A profile screen grants each participant full ascesview their own well-being history, and
points comprised of task, mission, and level cotigule Point scores and the gaming
network’s aggregated well-being scores are alsesaildle in the profile (Figure 4.12).
Beginning with their personal network, participantdock the aggregate scores of further
extensions of the games social graph with levelptetion. This use of personal versus social
comparison is in place as a participation inceni@gesocial comparison is only accessible with
point accumulation.

Home Game Results Store My Network Invite Give My Data Info
The Store
You can perform several actions by dicking on the links below.
Your Points

You've got 2 10 points.

Use your Points

Get Badges that show your contribution.
Donate Points to your friends.
Unlock an additional time period of your Human Flourishing Chart.

Enrich your Human Flourishing Chart with Flourishing Constructs.

Get more Points

By inviting your friends to BeWell POC.

By playing another round of BeWell POC.

Collect Experience Stars

Find out how it works.

Figure 4.12:The tab "Store" with optional display items
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Propagation

The app tracks propagation mechanisms of the game Way in which participants

recommend or advertise the game) and participdtiothe game (an individual's usage).
Tracking propagation helps define online relatigpshunderstanding online relationships is
necessary when utilizing social comparison as dlbfeek mechanism. Participation in the
game is the way in which participants populatedat map.

From the perspective of a TSR application, undeditey group anatomies and social
structures not only aids game design, but alsoigesvan additional management context.
For example, a participant with a “poor” well-beisgore may in parallel be socially
isolated (e.g. a new employee). Therefore havirmpss to the social graph can help in the
implementation of mechanisms to improve well-begrgtackle aspects of low well-being.
Looking instead at the implementation aspects ef game, understanding how participants
draw in their friends, and the factors that mo#vdhem to do so, enables a better
understanding of the relevant social channels. Tikismportant, as without properly
addressing the ability to reach as many potentatigpants as possible, the usefulness of
TSR and well-being in particular as an indicator fmmmunity and institution health is
limited.

4.4.2 BeWell Architecture

Figure 4.13 shows its basic architecture and cormaponents, which are described below.
Demographic information was procured via Faceboakrission allowances, with a tab in the
game to allow for corrections of misleading or wghynentered data. Th@uestion Engine
thereforeprovides the ability to define arbitrary questidasthe measurement of well-being.
Questions have three types: 1) a Likert scale fqprest question text with a slider; 2) free text
question; 3) an animated scale: a pictographic emphtation of a Likert scale. Similarly,
guestions fall into the different categories tdifutlifferent purposes: 1) Human Flourishing,
2) the Big Five Inventory, 3) the Maximizer Sca#ad 4) placebo questions. Fairness was
found in the previous analysis to have a minimétatfin personal assessment of well-being,
and was dropped in the proof of concept iteration.
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Figure 4.13:BeWell architecture

Game Engine:BeWell POC requires some logic to ensure a smdata capture process, and

to minimize inaccurate data entry. Therefore, pgrdints may only answer questions every
eight hours, and in each time period only up todeastions in order to discourage random
clicking. Eight hours was deemed to be suitablestperiod as it is relatively near in time

(closer than a daily interval, for example), andws for the capture of multiple time periods

in a given day (as opposed to half day intervdtgch time period presents participants with
randomly drawn questions from the Question Engine.

Gamified Incentivesare anchors and features that emerge over time attampt to hold the
interest of the user, and encourage them to camtamswering questions. Three types of
incentives are available for users: 1) Scores, tBpoand Stars; 2) Social Incentives; and 3)
Badges. The types of incentives are explained helow

Scores, Points, and StarsKey parts of the BeWell POC are the HFS, and algwhe user

to track this information. Observing how it changesr time and breaking down its individual

components should capture motivate intrinsicallgrtiBipants are presented with their HFS
graphically (see Figure 4.14 for an example). Ttaply requires three rounds of questions to
be completed before enough data is available @tidime in Figure 4.14). Points are earned by
completing tasks in BeWell POC, where the primaagks are answering questions, and
inviting Facebook friends to take part. Points éaabuser to unlock the Human Flourishing
graph (Figure 4.14), extend it with additional isgrand purchase Badges. Experience Stars (as
in the logo of Figure 4.13), are earned when a askieves something, e.g. completes a round
of questions, invites friends, unlocks the HumamwuFkhing graph, buys a badge etc.

Experience stars become more embellished with pssgand are always visible.
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Development of your Flourishing Score (time axis in UTC)
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Figure 4.14:Example Human Flourishing score graphic

Social Incentivesare constructs that promote social comparison @m tvell players are
progressing, but not on their individual well-beifidnis is encapsulated by the display of stars,
and Badges earned by other players in a user’sonletWarticipants may also send points to
their friends, brag about the purchase of itemsstatus posts, and invite friends to take part.

Badgesfollow the basic principle of trophies that digplaow far a user has advanced. In an
attempt to engage intrinsic motivation (Antin anbdu@hill 2011; Deterding 2011) badges
were designed in the two distinct and leveled ftav&cientific Advance” and “Better World”.
They can only be acquired using points earned famswering questions or inviting friends
(Figure 4.12). They are incremental (i.e. they oaly be purchased in order), and increase in
cost. In total, 10 Badges were available (Figui&¥and ranged in price from 50-500 points.

WU OIS

Figure 4.15;:Badges available in BeWell

4.4.3 BeWell Pilot Study

The final iteration ran its test phase on Faceldookhe period of one month. This version was
launched in a gamified environment using the psgettadc tests from the previous iterations.
The game was propagated through personal netwaorttsvas advertised on Facebook via
university department websites. The game was afféneboth English and German. An

additional evaluation user feedback survey was ected one month after the initial launch
with a questionnaire built with the Question Engine
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From the 121 individuals who navigated to the lagdvage, 37 self-reported to be female and
82 reported to be male. Two individuals did notltise their gender. 102 participants reported
their country of residence to be Germany; eighoregg other European countries; and 11
participants are outside of Europe (with seven ftbm United States being the largest sub-
group). Figure 4.16 depicts the distribution of gaticipants’ HFS where n=63, the mean is
44.34, and the SD is 17.44. The distribution redemthat one presented Sections 4.1 and 4.2
with a relative left-shift of around 10%. This isapsibly explained through the fact that
BeWell’'s population is tend to be European.

Frequency

31 ’»

0= U T

0,00 20,00 40,00 60,00 80,00 100,00
HFS

Figure 4.16:HFS histogram of BeWell POC

The analysis also replicates the findings aboveeia that neuroticism and extroversion are
the two most fundamental predictors of happinessfan individual's baseline personality.

Here, correlations are significant at the 1% le@tesponding to Extraversion [r(61) = .32, p
= .01] and Neuroticism [r(61) = -.39, p = .001]. tims iteration, conscientiousness is also
highly significant [(61) = .33p = .007].

Table 4.9: Mean HFS comparison across genders
N Mean HFS Std. Deviation HFS
Male 40 40.06 16.52
Female 22 40.89 19.24
Total 62 44.22 17.55

Men self-report higher flourishing scores (Tabl@)4Due to the overall low participation rate

of women, this could be an exceptional case whempapoed to the results of Sections 4.1 and
4.2. The strength of the deviation between the g@nders is in all cases interesting (Figure
4.17). An additional search for explanatory factegarding higher SDs in the development of
Human Flourishing scores was performed. Controlfimgdemographics, usage activity, and
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psychological tests no statistically significanpkatory factor was found. This is a mixed
result requiring further research.

100.004
80.007 —|7
60.004
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male female

HFS

Gender

Figure 4.17:Human Flourishing comparison by gender
Design Questions on Flourishing and Gamification

To address how well different gamification struesirincentivized continued usage, a
guestionnaire was built into BeWell POC and actdedfter one month of data collection. The
analysis also revealed limitations of BeWell POG,veell as conflicting results for some
incentives. To investigate the irregularities menéd above further, the data was additionally
analyzed for other possible explanatory factors\gisbpearman’g. There are additional
correlations significant at the 5% level regardsmne questionnaires items. The higher the
HFS (and consequently the higher ones extravetsia), the more a user likes “The Point
System” [r(28) = .39, p = .034], “Calculation of nifuman Flourishing score” [r(27) = .44, p
=.016], and “Charting of my Human Flourishing ssrdevelopment” [r(28) = .41, p = .025].
A higher HFS further correlates to less enjoymeht‘Rosting Badges to my Facebook
timeline” [r(28) = .40, p = .028].

Remarkable is the high number of significant catiehs found between the personality trait
“Neuroticism” and the incentives. A highly signidict negative correlation with neuroticism
can be seen for the items “Getting Experience SpE9)=-.59, p = .0005], “Getting Badges”
[r(31) = -.56, p = .0008], “The Point System” [r(28 -.47, p = .008], and “Comparing my
Badges to those of my friends” [r(29) = -.46, 0%]. A negative correlation with neuroticism
still significant at the 5% level can be seen for ttems “Comparing my Experience Stars to
those of my friends” [r(28) = -.41,p=.024] and “Iting Friends” [r(30) = -.35, p = .049]. As
the scale used in this part of the questionnai@i@s that an item is more liked the higher its
value, a negative correlation means: The more tieigim participants report, the more likely
they are to dislike these specific incentives, Wwhaan have important (and complicated)
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design implications. The complications stem frora fact that when measuring well-being,
neuroticism and extraversion are the strongestigied (Section 4.3), but the two traits’
acceptance of the gamified elements of the surgey iopposition. Gamified elements are
attractive and accepted by extroverts and rejeayedeurotics. This almost suggests that two
game flavors should be developed in order to enqgaxicipation from all personality types.
While intriguing, element design for neurotics iggide of the scope of this thesis.

The findings indicate that while there is still serwork to be completed on the incentive
mechanisms, this goal is in fact achievable. Logkihthe gamification incentives, one can see
that the primary interest of the participants wascélculate and track their HFS, and to
investigate their Flourishing items. They predomiha seem to have liked the gamified
approach that was taken. Badges and Experience ®tre of lower importance, but still
liked. This is not true for the bragging featuregfing of Badges to one’s Facebook timeline)
which was clearly unused. The social incentivesltbinto BeWell POC were also
underutilized, supporting the view that the papicits were rather self-contained. Not
surprisingly, however, the valuation of the podgipbto compare Badges and Experience Stars
to friends, as well as to see who is also a usaBedVell POC, is dependent on the actual
number of friends playing. This indicator suppotte plausibility of the participants’
responses regarding the questionnaire. There isbaarvable rejection of comparative and
evaluative incentives through participants withn@igneuroticism levels.

4.5 Discussion and Limitations

This chapter proposed a gamified approach to vesiid data collection, some potential
overlapping decision areas, and challenges of pedjpm in future TSR applications. It
presented a methodology that utilizes attributivedations in order to analyze data
obtained in gamified systems for progressive conitgumanagement, and evaluated the
feasibility of acquiring well-being data via onlisecial networks by collecting near to real-
time data in a longitudinal rather than cross-seeti manner. The results aided in the
realization of BeWell's proof of concept app in thihey provide a guideline for the
development of future predictive models. BeWell P@@s found to responsively track
trends in noisy data of personal well-being, camdilty updating given the collection of new
data points, and highlights otherwise hidden aitekbased well-being forecasting.

Importantly, a tiered phase-in of the BeWell coriceas implemented. Each iteration

expands the initial scope in length and questidized. The pilot was the first instance of

Human Flourishing being utilized in an online fotmall questions of the flourishing survey

were mandatory, and optional demographic data ofdge age, place of residence, and
highest completed education level were optionak Tn questions were positioned online for
one week and initially propagated on Facebook. threwires were available in English and
German.
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The next two iterations of feasibility surveys wgnepagated in online social networks
order to validate if attribute-based prediction che used in conjunction with the
measurement of well-being. Surveys were adminidterdine once per week for four weeks
on Wednesdays, in order to control for variancewmekly activities, such as subjective
preferences for weekends. Ten identical questiamgering varying aspects of Human
Flourishing were posed to facilitate predictionsaid dimension. Demographic questions, the
44-item scale Big Five Inventory personality tabie Maximizer/Satisficer scale test, and a
fairness scale (John, Donahue, and Kentle 1991SdBwartz et al. 2002; Schmitt and Do
1999) were added as potential predictor attributeach psychometric instrument was
administered for one week only to test predictibititees of well-being based on pre-existing
personality traits.

The feasibility studies confirmed the ability ofyphometric properties to predict levels of
well-being RQ 1.1). Two factors of the Big Five Inventory, namelyungticism and
extroversion, are observed to have the highestiginesl value, especially when analyzed with
a general linear model. The findings also reve@resting discrepancies with previous work;
namely, that conscientiousness is in fact a siggnifi baseline personality factor, and that the
maximizer-satisficer could in fact be U-shaped. Baécomes from this analysis illustrate the
ability to predict well-being in a future TSR apgation. These results support the creation of
attribute based tracking for the establishmentaseline well-being expectations. Using these
attributes, well-being baseline assessments aedatrie for use to predict future well-being
values. Manifestations of the absence of well-b@ng change from its expected level are
predictable when plotted, thus facilitating evailoatand stakeholder discussions. The vision
of gamified well-being revolves around the use rBg devices, in the context of a familiar
setting (Facebook), which should facilitate the starction of a progressive community
portfolio: a stakeholder feedback loop of commumigll-being and overall satisfaction.

Regarding incentives, improvements are possibleoserved drop in participation after four
iterations was visible in both the feasibility se&land the proof of concept app. For active
participants, a new version could relax the presguto bring up all ten Human Flourishing
related questions per round. Instead, the periogidered for the calculation of the current
HFS could be extended and span answers from ditfereunds. This way, e.g. five
flourishing-related questions could be generatedrgend if the last round was not too long
ago. With gamification now shown to be functionalwould be possible to push the rather
limited range of questions further, moving into thieection of a “Game Engine” for different
sorts and complexities of tasks. The bragging feawas left unused. There is no reason to
keep it in future versions. A method to opt-outnfrcomparative and evaluative incentives is
also required, as a many participants disliked tH@nme could imagine a setting that to hiding
the respective links in the tab “Store”; disablitige assignment of Experience Stars; and
disabling the display of Badges and ExperiencesStar
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Self-produced text solely for the purpose of theniff@d environment does not incentivize
participants to sharing. However, further reseaschmeeded to confirm if Facebook will
continue to be a viable platform. Potential issuleslude decreasing popularity, self-
representation in online social networks, and otlssues of truthful reportingRQ 2.4).
Finally, distribution of the three iterations suffdrom a CMB (Podsakoff et al. 2003; Conway
and Lance 2010); namely, the directed nature ofigyaation invitation lends itself to
reference and self-selection biases, thus thetseseported here must be interpreted with
caution.

BeWell POC collected additional data that has re#rbdetailed in this chapter. Examples
include analyzing of additional usage tracking datad testing for possible significant
correlations between the placebo and ten Flougsi@uestions. Also collected in every
iteration were general comments and feedback. @hiscdotally suggested that a major
participation barrier is the time required to pthg game. This could be the contributing factor
to the observable drop in participation after foounds RQ 2.2). General next steps are to
integrate the findings presented in the above @edtito new versions of BeWell POC. A
serendipitous finding is the valuable service ttie notifications feature provided. User
reaction was clearly tracked and reported, and qmarigcipants became “chart unlockers” and
long-term players as a direct result. Future vesishould build on that, e.g. by providing
user-customizable notifications (email is also astde channel) with a sensibly preset
interval.

4.5.1 On Serious Games for Well-being Assessment

The final iteration addressd®Q2.2 in its full breadth, and partially fulfillRQ 2.1 This
iteration was created as the proof-of-concept agpitin, integrating and extending the features
introduced in the first two research and designsphalmplementing and assessing the well-
being of a community or institution via popularlgopagated social gaming is a novel person-
to-person mechanism in computational social sciefites work establishes that serious
games are a suitable method for the extractionadfleing data, but suffer from participant
fatigue. As such, this thesis moves forward witkt #nalytics as an extraction methd@]
2.9.

Rewards are layered upon existing activity, witbufishing items as tasks, and entire
constructs as missions to be completed, allowingtpaccumulation and level achievement.
The ability to chart oneself, the gaming communigyd earn points-based prizes serves as
rewards and incentives for continued participatiord propagation. Propagation is further
encouraged via social action - reaction prompt®pen profiles and direct invitation. Social
interaction creates an incentive to participatd, r@ciprocate.
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Conclusion

Eliciting well-being via a person-to-person gameluces the experience of personal
perception and social comparison within an onlioenmunity. Given the strong replications
of the relationships between personality and weilig, it can be rejected that participants are
using ‘gamified’ personas in their responses to glaeified environment. In gamifying,
participants are incentivized to reveal their peeoestimates and are encouraged to
propagate the game further across their sociahgrBipis is a partial responseR®) 2.4

4.6 Conclusion

Online gathered and popularly sourced well-beiri@rimation is ripe for adaptation into
TSR. By utilizing such a multi-faceted picture dfiet individual, BeWell encourages
communities to proactively manage the componentsiog agency loss (e.g. cheating, lack
of transparency, ill-health) as a form of adappe®ple management. Such an elastic measure
can be repurposed as both a diagnostic and pregicabdel for diverse participation-based
movements and institutions when populated with dvelhg data. This supports the aims of
TSR well. The next steps are mapping well-beingammunities, regions, and institutions to
illustrate policy effectiveness and enhance pauditve debates. Through the observation of a
statistical decrease in well-being, participatoppr@aches could be a reactive measure as a
means to reengage constituents, and engage neigigaarts throughout the community.
Gamified well-being measurement has proven to hbeliable and valid data population
method for progressive community management.

However, BeWell'sdependency on engagement and propagation of tkva@od community
are a suboptimal basis for the development, meamne and management of social indicators
such as those proposed in Chapter 3. The chanaegailing interest curtains participation
cannot be underestimated. Also, the self-seledtias of those who participate in a non-
mandatory measurement tool can influence resulis inndesirable way. Estimating the reach
of a representative community is also difficult tims case. Promising directions for the
measurement of well-being in the efforts towardsgpessive community management are
those which are unobtrusive, or that have littledacobservation effects, and that mitigate self-
selection bias and participation dependencies bngbereviously well-established in a
community. Whilst BeWeland its proof of concept Facebook app satisfagtaddresse®Q

2.2 and partially addresséRiQ 2.4, further investigation of alternative mechanismisd TSR
application, namely text analytics, is pursuedhe toming chapters in accordance WRQ
2.1
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Chapter V  Online Well-being: An Applied Social
Observatory

“Its representative of the moment we’re having; Wak in hashtags. It's how we share
information right now.”

Brett Hyman as quoted Ifyieltzer 2014)

ith social media, political parties bring their reage to the public faster, positing

on recent events before the interaction and intésion of local or national

media. Putting issues onto the public stage thaydazctly interact with voters,
supporters or residents of their election distriliereby acting locally as well as nationwide.
As such, political discourse is similar to the ap@over in the serivitized, digital economy.
However, what is currently missing is a valid measient system (e.g., a TSR application)
that allows insights into the way policies and eatrpolitical discourses are being received
and the impact thereof. Such a system in conjumctiith data from public information
sources could assist social researchers and decisaixers with the analysis, development,
implementation and tuning of policies. Specificalgxt gained from online sources can be
spliced for context and content, compared, and umedsfor sentiment and conceptual
domains as a means of well-being assessment. Samtbased artefacts using publicly
available data thus promises unprecedented aatesthe expectation of arising changes in
well-being ex-ante, and the totality of effect n€idents ex-post. As such, text and sentiment
analysis is well-poised to support a TSR applicatio

A new approach in information-driven TSR is thdizdition of the measurement of public
discourse and sentiment levels for “mood managenerdgather prompt, direct feedback on
arising changes within affected communities. A regraent for this is that information can be
unobtrusively gathered to assess public sentim®attion 5.1). Given the possibilities and
enormous user base, the social network platfornelf@ak is an interesting test bed. Facebook
empowers users to publish opinions and causes,pahticize and document activities to
solicit ones work, products, or beliefs, and isb&quitous part of digitalized lives. Expressed
there are not only thoughts and opinions but (tateselings and expressions of well-being.
This chapter presents an extraction method catledocial Observatorgn unobtrusive, low
latency, multi-resolution framework for the obsdiwm, analysis and modelling of digital
societies in actionWith a Social Observatory, this research realaesutomated framework
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that facilitates, reviews, and assesses specifiects of online communities (e.g., well-being)
using qualitative and quantitative methods (Sestibr2 and 5.4) as a facilitator of the aims
and goals of TSR. The research objective is a fwarle that empowers interdisciplinary
researchers with the tools to facilitate the exioacand understanding of phenomena within
social media platforms, as well as the communttieg represent.

This chapter presents a prototype implementatiah Gase study analyzing public political
dialogue of German federal politicians on Faceb(@#ction 5.3). The dataset is comprised of
all politicians with a Facebook presence from tive fGerman federal parties: the Christian
Democratic Union (CDU/CSU), the Social DemocratBD§ the Free Democrats (FDP), the
Green Party (Griine), and The Left Party (Die Link®),833 posts and 267,835 comments are
analyzed, creating a composite index of overallipiggntiment and well-being, and the latent
conceptual themes supporting this. Our case studsodstrates the observation of
communities at various resolutions; “zooming” in specific subsets or communities as a
whole to view various granularities. The resultstloé case study illustrate the ability to
observe published sentiment and public dialoguevels as the difficulties associated with
established methods within the field of sentimemalgsis and topic retrieval within short
informal text.

This chapter extends two sources: the journal lartigCaton, Hall, and Weinhardt,
forthcoming) as well as a working paper presentddeaKarlsruhe Service Summit Workshop
(Caton et al. 2015).

5.1 Big Data Challenges in the Social Sciences

The vision of a Social Observatory is a low latentethod for the observation and
measurement of social indicators. It is a computediated research method at the intersection
of computer science and the social sciences. The3$ecial Observatory is used in its original
context (Lasswell 1967; Hackenberg 1970); the fraork is the archetypal formalization of
interdisciplinary approaches in computational dogaience. The essence of a Social
Observatory is characterized by (Lasswell 196 &slipllows:

“The computer revolution has suddenly removed dddimitations on the processing
of information [...] But the social sciences aretalatarved [...] One reason for it is
reluctance to commit funds to long-term projectsiother [...] is the hope for
achieving quick success by ‘new theoretical breakihhs’ [...] It is as though we
were astronomers who were supposed to draw cdlestgigns and to neglect our
telescopes. The social sciences have been deni@l sbservatories and told to get
on with dreams.”
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This is also in line with the approach of the Aman National Science Foundation’s call for a
network of Social Observatories:

“Needed is a new national framework, or platfornor fsocial, behavioral and
economic research that is both scalable and flexitlat permits new questions to be
addressed; that allows for rapid response and aalémb to local shocks [...]; and
that facilitates understanding local manifestatioos national phenomena such as
economic volatility.**

Today, the notion of a Social Observatory lendslfittowards social media platforms, as
digital mediators of social exchange, discourse @mtesentation, as well as to the multi-
layered approach introduced with TSR in Chapteft8s, as demonstrated by the COSMOS
project (Burnap et al. 2014; Housley et al. 201dcker et al. 2013), becomes especially
valuable when combined with government data strear®wyever, empowering social
scientists to access data from social media plagdeven in the singular) is nhon-trivial.

Figure 5.1, illustrates a general architecture oh@lern Social Observatory entailing three
processes; namely 1) Data Acquisition; 2) Data psial and 3) Interpretation. Whilst it is
apparent that a Social Observatory captures mallplurces of data, currently few scientific
papers or services report this ability in a wayilga®plicable by social scientists (Cioffi-
Revilla 2014). This is despite prevalent availépibf APIs, and an almost endless supply of
papers and studies that focus on specific platf@Rossell 2013).

Qualitative Analysis

f ( |

[ Models ]
_gg — E %
/e ~
e EEED
i |
Data Acquisition Interpretation

\ Quantitative Analysis /

Figure 5.1: A General architecture for a Social Observatory

4 http://www.socialobservatories.org/vision. LastcAssed: 01 October 2013.
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Data Acquisition is well supported by most social media platfornes REST or streaming
APIs, which are underpinned by lightweight dataeiohange formats like JSON. User
authentication and access authorization is hanoljetbchnologies such as OAuth. There are
also an ever-increasing number of software libsageailable, reducing the implementation
effort to extract data.

The challenges instead lie in data volume, velodiyd variety, access rights, and cross-
platform differences in curating data. The big daspects of social media data are well
known: producing 2,200 tweets (at around 58kilobytach) per second, Twitter is a clear
demonstrator of data volume and velocity. Variatypést shown using a Facebook post as an
example: version 1 of Facebook’'s Graph API conthiaeleast 15 categories for a user post
and this discounts other social actions like taggocommenting, poking etc., as well as the
diverse content range of a Facebook user’s prdféstly, the method of data curation is not
without its ambivalence. Twitter data curation temal be proactive; by accessing future tweets
that fulfil a specific set of user-driven attribsitée.g., hashtags or geolocation). Facebook is
retrospective; given a Facebook entity (e.g. ageersr page), one can access their posts,
profile, likes etc. From the perspective of analgzisocial data, this subtle difference
significantly alters the effort and planning neededurate a data set (Gonzalez-Baildn et al.
2014). The technical challenges also differ sigaifitly from receiving a continuous stream of
data (i.e., tweets) vs. Facebook’s paginated mestitie latter incites large numbers of API
calls, which are not limitless. On a side note,\thkdity period of an access token is also not
infinite and must be refreshed periodically.

(Mixed Method) Analysis as illustrated in Figure 5.1, is inherently iterat and
interdisciplinary. Foreseeable is repeated intevactith the social media adapters and apps.
Whilst approaches from computer science and cortipngd social science are becoming
more prevalent, the question of research methogtdbogften a poignant discussion point and
challenge that cannot be overlooked. Computer 8stenand social scientists speak very
different languages. Therefore, the realizatioa &ocial Observatory needs to accommodate a
vast array of (interdisciplinary) methodologicapapaches.

Irrespective of methodology, an important featura 8ocial Observatory is the ability to view
a community at a variety of resolutions; startimgnf an individual micro layer, and
progressively zooming out via ego-centric networkscial groups, communities, and
demographic (sub) groups, up to the macro layemnaonity. This ability is of significant
importance for understanding a community as a whdliéerent granularities present
differentiated views of the settingnterpretation is hence domain specific in nature, and
should be decided according to the proposed rdseakestions. The architecture supports both
inductive and deductive research.
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Necessary to address at this point are the ethmaidaries of an unobtrusive approach to Big
Data analyses of social data. Both Twitter and Back have terms and conditions allowing
for the anonymized assessment of data which théhaséndicated to be public. Specifically
Facebook has argued that this is tantamount tam#d consent and this is a common
position across social media platforms. This staggees that when information is placed in
public fora and domains, it is subject to publiviesv. This is in line with the ethical
guidelines put forth by the Association on InteriResearchers (Markham and Buchanan
2012). In the case of obtrusive design (i.e., gyemaps), informed consent must continue to be
in place as the standards of human subject resel@miand. A further ethical (and security)
concern is that the provide architecture can asaded irresponsibly. In the case of public-
facing data, this is of a lesser concern. Obtrigidesigned architectures still require user
consent (e.g., downloading an app), as such rdseanks are neither the work of hacking nor
‘Trojan horses,’ thus guaranteeing a moderatelyrméd subject base.

5.2 Social Networks as a Proxy for Communal Well-being

For the past few decades researchers have investitlze interaction of technology, online
communities, and individuals’ perception within (itarsson et al. 2005). Similarly, text
analytics for measuring social impact is an emergipic but has not received much attention
despite its long-standing recognition (PennebaWehl, and Niederhoffer 2003; Housley et al.
2014). This research gap presents a novel placedmputer science, text and sentiment
analysis, and policy jurisdictions to meet. Whemeasy of the commonly applied methods in
community analysis like judging communal sentimesgessing strength and weakness of ties,
or willingness to participate and/or exchange given context is a task easily done manually,
manual approaches do not scale. Moreover, it ha&n lstablished that sentiment and
conversation styles differ across platforms (Daeehpt al. 2014; Lin and Qiu 2013), though
the available tools do not match this research .n€kd (social) scientist lacks the necessary
systems, tools, and competencies to leverage catiqmel approaches. A new approach in
the area of information-driven institutional managat is found in computational social
science (Cioffi-Revilla 2014).

Computational social science (Cioffi-Revilla 201@ioffi-Revilla 2014) facilitates
investigation of the interaction of technology, inelcommunities, and individuals’ perception
within it to a previously unmanaged scale (Savagg Burrows 2007; Burrows and Savage
2014; Tinati et al. 2014; Taylor, Schroeder, andy&te2014). Text analytics as a mechanism
for measuring social impact is becoming ever maielated as a proxy for social phenomena
(Mckelvey 2013; Housley et al. 2014; Bdcking, Halhd Schneider 2015). Such a research
domain is complementary to the aims of a Sociale@lagory, where the differences are that

% http://newsroom.fb.com/news/2012/05/enhancingsipanency-in-our-data-use-policy/.
Last Accessed: 23 May 2012.
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computational social science is an entire resedarnain and a Social Observatory is a
framework to enable research thereof. Specifibéassessment of public sentiment, Twitter-
based studies are plentiful and address a varietgomputational social science research
guestions. Off the shelf Facebook tools are ledsasderessed. Several author have addressed
the creation of frameworks for supporting Twitterdies (Stieglitz and Dang-Xuan 2012; Pak
and Paroubek 2010; Burnap et al. 2014; Housleyl.eR@l4). These lack however the
corresponding technical infrastructure that alléwisire researchers to create new, build on or
replicate the studies. The closest in reach tooeiab Observatory are those where the
infrastructure is both open-source and requiresimaih knowledge of computational
infrastructure in order to be accessed (Burnap. &204.4), or the tools are of a plug and play
nature (McCallum 2002; Kivel&d and Lyytinen 2004).

521 Studies in Online Social Media

In Twitter the use of positive and negative, orifpes, negative, and neutral classifications of
individual tweets as opposed to more contextuatiment is a common method (Pak and
Paroubek 2010; Burnap and Williams 2014); thiskely due to the shortness of individual
tweets. A foundational paper from (Go, Bhayani, Bluding 2009) looked at the classification
of Twitter sentiment from the commercial perspegtidentifying positive and negative tweets
based on query terms of emoticons. (Kouloumpis,sivi] and Moore 2011) found that
intensifiers are most useful in the automated dieteof sentiment in tweets. This study found
that part-of-speech features are not necessardfulugh automated sentiment detection. A
study by (O’Connor et al. 2010) applied positivel aregative sentiment scoring to the 2008
presidential elections of the United States andidothe method can be used to supplement
consumer confidence polls.

Key contribution differences are the observatioewpoint and elicitation of points of
reference. Many studies observe the Twitter lanuscat a macro level, whereas a Social
Observatory facilitates micro, meso and macro ofagens in accordance with the layered
approach set up in Chapter 3. Specifically the odlevel is difficult to realize with Twitter
due to the brevity of individual posts. (O’Connoéraé 2010; Calvo and Mello 2010; Hampton
et al. 2011) demonstrated the predictive poweretffreported interests in social profiles and
the observation of social practices. Whilst thestific value of such work is significant, they
are isolated investigations. For the purposes & @fplications, they give insights into well-
grounded research processes rather than assistiting iconstruction of a general approach.
Similarly, (Mitchell et al. 2013) investigates a ena-scale dataset of happiness, urbanization
and obesity correlates, but does not create a giezadyle model for wide-scale usage. (Allen
et al. 2014; Jaho, Karaliopoulos, and Stavrakaki1® investigated how content traversed
social graphs, and explored opportunistic mechasifmm the dissemination of content via
social structures. A focus of their work was medbims for community detection, and
subsequent analysis of social structures for obsgrinformation paths through social
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networks. However, the emphasis is on the suppbmisers in identification of content
relevant for specific decision making processes mrethods to facilitate the transfer of
information via and within social structures, aspoged to analyzing the communities
themselves. Finally, Facebook researchers havestige¢ed if positive and negative well-
being are contagious; and indeed, the expressionveadf-being is contagious (Kramer,
Guillory, and Hancock 2014). It must be noted ftited study actively altered the emotional
valence of the study participants’ timelines toabBsh its findings. This thesis attempts to
establish emotional valance and trends even maobtrusively in order to not inadvertently
impact individual's well-being.

5.2.2 Related Online Social Media Studies on German Holdns

The study of (Tumasjan et al. 2010) concentratetherapplication of Linguistic Inquiry and
Word Count to text gained from German politiciatwitter handles in advance of the 2009
elections (Tausczik and Pennebaker 2010; Pennekéaledr 2007). Their analysis has several
distinct differences, elucidated here. This redeanses the German dictionary database
provided by LIWC2007 (Wolf et al. 2008) for the &sas of online political behavior and
discourse, rather than translating to English fuailgsis to retain the original intention of the
writer as closely as possible. The focus of thiseoation period is the election period of 1
September, 2012 through 31 October, 2013, enaldingitudinal analysis as opposed to a
cross-sectional analysis. This supports the studyetl-being in a community more fully.
Whereas Tumasjan and colleagues review selectedCLd¥tegories, this study considers all
German dictionary categories and established pénduistic profiles. Finally, the aim of the
study is a diagnostic analysis of political messggon online social media. It is not a
prediction task.

5.3 Implementation: a Facebook Social Observatory
Adapter

The first step towards a Social Observatory focusea Facebook social adapter for several
reasons. Firstly, Facebook lends itself to the stisdy, especially due to the large number of
“open” Facebook entities; where community and @eas pages are a prime example.
Secondly, when extracting data from Facebook, ésearcher receives near complete datasets.
Finally, there is lack of general-purpose Facebdala acquisition tools available, which is a
current research gap. Those that are availabletterely either on crawling techniques, which
cannot fully acquire paginated Facebook data, da @xtraction via the Graph API that
typically focus on the logged-in user or do notretdata in full. Whilst such approaches are
useful, especially in classroom settings, they db provide mechanisms to curate research
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worthy datasets. This chapter presents a genedabx@ensible Facebook data acquisition and
analysis tool: FBWatcff,

The objective is simple: an interface-based totdwahg social as well as computational
scientists to access complete Facebook profilespactive of programming ability or data
size, as no such tool is available. In extractiagadrom Facebook, the researcher first needs to
define what is accessed: an entity that has a ankmcebook identifiéf. FBWatch is
implemented such that it can access any Facebaity &mat is public, or for which it has
received user permissions.

FBWatch is implemented using the Ruby on Rails &awrk, and consists of five top-level
components and modules:

1) A Sync module responsible for fetching data freacebook. It executes
Graph API calls, converts graph data to the infeda#a structures and stores
it in the database;

2) Metrics are the analysis components of FBWatol eesponsible for
analyzing fetched data. They contain parameterd izssecase studies and data
structures for storing results. A metric can therefbe any result of an
analysis (exemplified in Section 5.4);

3) Tasks, which are an abstraction for running Sgnd Metric jobs as
background processes;

4) A relational database for storing Facebook resodata, and running more
complex queries regarding connections between Bagebntities. Any SQL-
Database can be used provided that it supports & €Reoding, as this is
needed for handling foreign languages;

5) A web front-end as an access point and contrédie FBWatch. Here the
user can request the retrieval of new Facebookientirefresh previously
fetched entities, group entities together for corapee analysis, execute
metric calculations, visualize metrics as well &® tsocial network of
individual or grouped entities, and download datder use in third party
analysis tools.

% Accessible via github: https://github.com/luksurs/fowatch-ruby.git. Last Accessed: 04 June 2014.
2" Note resource and entity are used interchangeably.
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Figure 5.2 shows the architecture of FBWatch, dghlights a typical request involving either
the data fetching, or the metrics calculation. Upmrrequest, the controller triggers a
background worker class and returns an appropriate to the user who is notified that a task
was started. The worker then performs one of twkstadepending on whether Facebook data
is to be retrieved, or retrieved data is to be yareal.

The first step in the process flow the user praxgdihe Facebook URL of one or more entities
of interest, which are parsed for their usernamé&awebook ID. To synchronize the data of
Facebook resources, a background sync task iedtayt FBWatch. The user can check the
status and progress of the task, as required. Degmeon the size and number of entities,
synchronization can take several hours, and canesounter several errors that need to be
handled manually. Once synchronization has suadéssfompleted, this will be visible and
the user informed of how many feed entries haven betrieved. If errors were encountered
that could not be handled this will also be displhy

To access data, Kodlda lightweight and flexible Ruby library for Facetsp is used. It
provides a simple user interface to the Graph Afell the Facebook Query Language. As the
Graph API returns the data in JSON format, Koatamaatically parses the resulting string and
converts it into the appropriate data structuragigirrays and Hashes and aligns the primitive
data types into Ruby’s data types. Furthermore,liivary supports the use of the OAuth
protocol to authenticate within Facebook through tise of the OmniAuth Ruby library. A
valid, i.e. Facebook authenticated, instance ofl&@agenerated on a per-session basis and
stored in the session context. At this time thisaiso the only real authentication the
application performs directly. To mitigate exposialy data fetched by FBWatch, HTTP
authentication is enforced on the server.

Synchronizing a Facebook resource is done in astep-process. First, any basic information
of that resource is pulled by calling the Graph ARk facebook-id® Basic information

contains the information visible at the top of aélaok page and in the about section, like
first and last names, website, the number of l&esSecond, the actual feed data is retrieved.

This is not trivial. First of all, not all data Wénd can be received at once, as Facebook limits
the number of results per query; 25 per defaultrdasing this limit drastically reduces the
number of Graph API calls, and thus, speeds updtia gathering process. By default
FBWatch uses a limit of 900, increasing speed aadaging scalability. Facebook also only
returns a subset of the comments and likes of é iteen; four by default. The resulting data
contains a paging feature, similar to the one efftéed itself in a single feed item. Comment
and like arrays have to be fetched using multipld dalls, dramatically increasing runtime.
The UserDataGatherer module automatically navigates the paging systetit itireceives an

28 https://github.com/arsduo/koala
# The corresponding command is /<facebook-id>/feed.
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empty data array. FBWatch also stores the linkesgmting the first response from Facebook.
This allows FBWatch to easily update a resourcgoate point in the future. If, however, a
problem occurs, the last feed query is stored &bkerthe future continuation of a sync task.

The second part of the Sync module stores fetchéal \da theUserDataSaver Aside from
transforming Facebook JSON into internal data ngdidta entry needs to be optimized such
that it scales. In order to decrease runtime, pieltINSERT and UPDATE statements are
grouped into transactions. However, not all statemean be executed in one transaction due
to interdependencies between data models. Thudgsdlie data in the correct order is
important. In order to take into account all polsitiependencies, four transactions are used:

1) Resources and their basic data are updateceksasvall new Facebook
entities that posted or interacted on the feetatdot level,

2) Feed entries,

3) Resources which interacted at a lower level,wigh a comment, like or
tag, and

4) The comments, likes and tags.

Once an entity has been fetched, it can at any beneesynchronized to retrieve any new feed
items and their properties or continue to fetchh@toric data if the synchronization was not
successfully completed before. If a resource isonger available on Facebook or no longer
relevant for the analysis it also can be disablecemoved. Apart from the ability to traverse
Facebook data automatically using the providedmgpgiechanism, the other main feature of
the UserDataGatherer is error handling. The Fadel&d is not reliable all the time, and is
badly documented. Therefore, flexible error harglimrequired. The most pertinent hurdle is
a limit to the amount of calls a single applicaticem execute for a given access token in a
certain time frame from the same IP address. While not officially documented, as per
Facebook, apps tend to be limited to 600 callsyet8rminutes. For large resources, this limit
is hit multiple times. FBWatch handles this by pagghe sync task, and retrying periodically
(every five minutes) to resume it. This can requipeto 30 minutes. FBWatch also handles
when a resource cannot be queried, be it thatstdedeted or disabled, when a username has
been changed, and other miscellaneous errors.

531 Data Model

The data models representing social network ddteogely based on the Facebook Graph API
format® A resource model corresponds to one Facebookyédniitalso constitutes the most

%0 https://developers.facebook.com/docs/graph-apit Bacessed: 10 June 2014.
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important object in FBWatch. All overlapping profies of the different types of Facebook

resources are saved in this data model: the frtenéene, the unique Facebook ID, the unique
username and the full link to the resource on teebook system. Additional data relevant for
the application is saved in this data model as:vaeflag indicating whether or not a resource
is active, i.e. if it should be synchronized, ané tlate of the last synchronization.

Other information returned by Facebook differs tyetor different entity types and is thus
stored as an array of key-value pairs. Here, in&tion such as the number of likes for pages,
a website URL or the first and last names of reairs, their gender and (given or Facebook)
email address is represented. Furthermore, comlfiigmr data of the application is stored:
information of the last synchronization so thatéh be resumed more easily and no duplicates
are retrieved. The value of stores the URL of trst fink of the paging feature of the first feed
page, i.e. where at the moment of synchronizatewmen data would be available. A property
is called ‘last link’ stores the link to the lasteld page unsuccessfully queried if an error
occurred.

The core data structure is the feed (or timeliae$get of feed items. A feed item is modeled
such that any type of textual activity can be repr¢ed, i.e. posts, comments and stories.
Obviously, stories play an important role in useeds. Note, however, that stories often
appear right next to the actual activity, espegitdl comments; therefore, the content will be
duplicated without care. So as to not lose too mofdrmation when handling different types
of feed entries, a few additional properties aredeel to the standard Facebook set. In order to
simplify the data model differences in the avadapbst types are mostly ignored. Post types
are links, photos, statuses, comments, videos, @lath objects) and check-ins as well as the
corresponding stories. After analyzing the propertif these entries, the following attributes
were selected: the unique Facebook ID, timestampesenting when the entry was created
and when it was last updated, the originator ofgh#y, optionally also the receiver of the
entry and the comment and like count if present.

The originator and receiver are represented agaepasources, hence, only their unique IDs
are stored here. The count of comments and likestaten from the comments and likes
properties of the Facebook format if present. Anmadrpost has an attribute message which
holds the text the user posted. A story, howeveeschot have a message, but rather a story
property. The different sub-types of a post addaity have attributes containing the link,
photo URL, etc. Each of these properties are mapped a single property. In order to
distinguish between different types of feed itetris property can be any of message, story or
comment. The attribute then holds either storyanment for these two data types and the
concrete post type for messages. A foreign ketagae¢source which this feed item belongs to,
i.e. on which timeline it is posted. Last, to liokmments to their respective post, a parent
property is included, which is null for top-levedgis.
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5.4 Application of a Social Observatory: Political Sentment
in Germany

The initial use case of a Social Observatory arayolitical discourse and the expression of
well-being in Germany. Politicians can serve asetatopinion makers and with the use of
online social media, the potential for influencdyogrows. This study reviews 54,655 posts
and 231,147 comments by 257,305 unique users aé thranularity levels (all posts and
comments per party; monthly posts and commentpgey; individuals’ posts and comments
per party) in the year preceding and one montir #fte 2013 Federal elections. Users who
only liked a politician’s Facebook page (passiveo®) are disregarded for lack of content.
Macro trends are established, leading to discussionthe difference between politicians and
constituents. The meso-analysis concentrates oooulise related to campaigning and
expressions of communal cohesion, where the mareH reveal individual well-being
discourse patterns. Each granularity level of theei®@ Observatory reveals telling yet
sometimes-contradictory indicators.

A convenience sample of the 620 members of the Gd#iman parliament (considering

whether they have a publicly available Facebooloactor not), found 190 politician with an

open profile or page on Facebook, representingoappately 30% of Parliament. 187 had
open pages, where data was fully publically avélaBost refers to text pushed by politicians;
comments refer to responses by constituents ariticizois themselves. Table 5.1 illustrates
some representative aspects of the dataset.

Table 5.1: Descriptive attributes of dataset, numbers arededrior representation purposes

Proportion of Proportion of
Party 17th German Facebook Posts Comments Likes Audiencg
Bundestag dataset
Griine 11 11 6,586 41,744 194,528 38,665
Cbu/Ccsu 38 40 20,006 68,667 493,891 119,212
FDP 15 11 4,835 26,703 118,215 21,046
Die Linke 12 13 8,886 26,471 178,816 24,986
SPD 23 25 14,342 67,562 501,483 80,300
Total 100 100 54,655 231,147 1,486,933 257,305

The synchronization of all active politicians iratlgroup took 26:11 hours with no previously
saved data, i.e. all data having been cleared deftreUserDataGatherertook 18:21 hours,
which approximately refers to the time necessarydtching the data, while transforming and

31 Audience relates to the number of unique FacebBskthat interacted with one or more politicians.
Note: the total audience is not the sum for eactypadicating that Facebook users interact withreno
than one party.
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saving it to the database 7:50 hours. After 4:22Rhcebook query limit was reached for the
first time. 31 minutes later operations could beumssd. In total the limit was crossed 13
times, on average after querying for 1:59. The ayewait time until receiving new data was
24 minutes. Thus, 5:20 were spent waiting for therg limit to pass. The size of the Facebook
resources varies greatly with the senior politisidike Angela Merkel or Sigmar Gabriel
having tens of thousands of entries in their feddlevless popular or newer members of
parliament only have a few hundred posts and cortsr@ntheir page.

The metrics calculations took 19:33 hours. One haf things early tests and subsequent
improvements yielded was adding indices to allrexfeed fields in the data tables used for
detecting shared resources. This alone yieldededsimprovement of around 50 per cent. In
total the runtime did not decrease however, as modemore metrics were added to the set. At
this point seven metric classes process a resogrogp and look at all possible 2-
combinations. For the size of T80resources this means 19,555 interaction points.
Synchronization time is roughly linear with the riuem of resources, with the average time to
fetch a resource ranging from five to eight minutes the dfferent pages. The metrics
calculation, however, displays a clear non-lineglation ranging from twelve seconds per
resource for the smallest and more than six minpgegesource for the largest group. This is
due to the 2-combinations which have to be procefsea group, which scale non-linearly.
Hence, it might be worthwhile to reduce the inpubhly include relevant profiles in order to
increase the runtime and get closer to a real-tmaysis. The Facebook data stored needed
798,784 KiB and the metrics tables used 90,132 Kiut 3.5 MiB of data per resource.

Figure 5.3 visualizes interactions between poditisi and their audience, capturing 85,679 bi-
directional edges considering only text-based auions, 345,704 considering only likes, and
385,936 when considering both. On average, pditigiand their audience interacted 2.70
times, with a maximum of 1,503 interactions; 4.8@ &98 interactions respectively for likes,
and 4.45 and 1,554 interactions considering botiterdctions between politicians are
relatively low: there are 3,883 occurrences (0.22%noss all profiles. This suggests that
Facebook is used mainly as a medium for promotnagvidual political agendas. Politicians
posted on average 292 times. The average profiltaics 29,301 words, from which 25%
were six letters or more (a measure of linguiséidety).

32 There were 190 politicians in the group, but thtesre unused profiles and are subsequently
discarded.
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Figure 5.4 depicts the continuum of hourly postihavior, with politicians posting in the

morning and at lunchtime, and constituents respanidi the afternoon. Politicians also tend to
post on working days, whereas constituent volunwvshno significant difference between
weekdays and weekends (Figure 5.5).
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Figure 5.4: Distributions of hourly posting behaviors, postsl @amments

The average post length was 40.8 words, differmgnfthe findings of (Kramer 2010) who
found that the average length of a Facebook postine words. This finding and its
discrepancy compared to Kramer’s results may heverigin in the particularity of this user
sample. It is however a positive discrepancy, asattiditional volume of text minimizes bias
that could be incurred by low-volume (Gonzalez-Baiét al. 2014).
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Figure 5.5: Weekday and weekend post and comment activity (iitgraic scale)
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The monthly distribution of posts and comments ckepi in Figure 5.6 show an increase in
activity leading to the elections with two excepgoa drop in December 2012, which was also
observable in posts from 2009-2012, and a slighp dn July 2013 of posts by politicians,
which is during the summer recess of the GermatiaRent. Posting activity significantly
dropped in October 2013, directly after the elewioThis drop is not reflected in the
comments, nor is the recess drop in July. Decerithatso a “slow” period for comments.
Comments show spikes in November 2012 and Marcl3,2€drresponding to interest in the
various public scandals of the former Presider@@fmany, Christian Wulff.
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Figure 5.6: Total monthly posts and comments

The most commonly repeated post was “STOPPT diesdfaStung in Rumanien! STOPPT
die Tatenlosigkeit aller Verantwortlichen in der ELETZT!* (Stop the mass murders in
Romania! Stop the inaction of EU stakeholders! Npweferring to Romanian ‘fur farming’ or
domestication of animals for use in fur goods. Lhitjue users, 234 times in total, repeated
this single post.

5.5 Evaluating a Social Network at Multiple Resolutions

551 Macro-level Assessment

In order to assess the (dis)similarities of langubgtween the parties and their constituents,
the study employs the nearest neighbor method dtidsimple Euclidean distance classifies

the similarity of the samples between parties, tehts, and parties and their constituents.
The attributes of the feature vector are the imtligl LIWC scores per sub-group. This allows

a more textured view of German political discousse Facebook. For two instances in a

generah-dimensional space:

d(x,y) = I, (x — y)? (5.1)
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where the distance between instancesandy results from the square root of the sum of the
squared differences between the values for thescaser all dimensions. Similar cases are
near to each other whereas cases with low simyilai¢ far(ther) apart. The upper limit of
distance is dependent on the size of the hyperplEmerefore, the distance between a given
pair can be used as a measure of their (dis)sityila#5 unique permutations of posts and
comments from the parties and their audiences éxisé4 LIWC variables, creating a 64-
dimensional space. Each instance (n=10) is oneraidntepresenting a party’s posts or
comments. The centroid is a hyper plane calculbtes®d on the centroids of each instances’
64 LIWC variables. Mimicking the method of (Pangldree 2005) supervised learning from
the training set is reported (Table 5.2).

Two issues necessary to consider when dealing Wyigferdimensionality are the “curse of
dimensionality” and “hubness” (Radovanovic, Nandpsuand lvanovic 2010). The distance
between comments and posts is small (consideratghis is a 64-dimensional plane), with an
absolute range from 2.017 (Linke comments and SRbnwents), to 10.523 (Grline posts and
SPD comments) (Table 5.2). As the space is smalhbuequal, high dimensionality was not
found to unexpectedly compress the data. As thezena “popular” hubs, it can also be
rejected that hubness is driving these results.

All comments are closest to other comments anpaaits are closest to other posts. Comments
are more similar to each other than posts. Wheteaabsolute distance between comments is
[2.017 — 4.665], the range between posts is [4446.645]. Distance is revealing: e.g.,
politicians from the CDU/CSU and SPD are expectede dissimilar but rather are one
another's nearest neighbors, while governing blogmbers largely do not occupy the same
space. Only the SPD and Grine have party and togrsticloseness at k=5, but this is not the
case for the CDU/CSU, FDP, or Linke. In no case garty-constituent pairing closer than
k=5. The governing blocks’ language patterns agelg intransitive.
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Table 5.2: Nearest neighbors where k=5, politicians and ctugstts

k=1 k=2 k=3 k=4 k=5
CDU/CSU  Grlne SPD FDP Linke Griing
comments (4.082) (4.209) (4.303) (4.655) (10.487)
Linke SPD Griine FDP Ccbu/Ccsu FDP,
comments (2.017) (3.170) (3.413) (4.665) (10.156)
FDP Griine Linke SPD CDu/CsU Griing
comments (3.050) (3.413) (3.461) (4.303) (10.156)
Griine FDP (3.050) Linke SPD (3.210) Ccbu/csu Gring
comments (3.170) (4.082) (9.872)
SPD Linke Grine FDP Cbu/CsuU FDPR,
comments (2.017) (3.210) (3.461) (4.209) (9.982)
CDU/CSU SPD Linke FDP Griine SPQ
posts (4.140) (5.201) (5.507) (6.041) (10.523)
Linke SPD FDP CDU/CSU Griine SPDQ.
posts (4.386) (4.645) (5.201) (6.089) (10.523)
FDP posts Linke SPD Ccbu/Csu Griine SPQ

(6.645) (4.730) (5.507) (5.870) (9.982)
Griine FDP SPD Ccbu/CcsuU Linke Grine
posts (5.870) (5.898) (6.041) (6.089) (9.872)
SPD posts CDU/CSU Linke FDP Grune SPQ

(4.140) (4.386) (4.730) (5.898) (10.184)

While the results above indicate that the feedepadt found in political discourse largely
occupy the same space, a paired sample t-test firadsoverall the five parties do have
differences in feed patterns as represented by tbgbective LIWC categorizations. Again, 64
LIWC sentiment categories are assessed for 45 erpaquty-constituent permutations. There
are statistically significant differences in 35 igohl party and audience pairings out of the
possible 45. All results are available for reviemAppendix Ill.

While some results are not unanticipated, otherings are unusual. There is no significant
difference between the posts or comments of the demter-right parties CDU/CSU and
former coalition partners FDP (t(63) -1.788, p 8§),0or between the leftist parties SDP and
Linke (t(63) =-.290, p < .05). In addition, no dijrant differences between the posts and
comments of either the center-right CDU/CSU or R the socialist Linke party (t(63) =-
.893, p < .05); (1(63) =-.867, p < .05) are fouraterestingly, the only non-significant
difference of the Grine was between that of thespothe CDU (t(63) =.799, p < .05). All
other pairings with the Grine were significantlyfelient. It must be noted that all post-
comment combination have significant differencehjclv is supported by the results of the
nearest neighbor test.
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These differences between relationships as founthénnearest neighbors and t-tests are
interesting, as it suggests that politicians andirttaudiences on Facebook could be
concentrating on different points, or are givingportance to different topics across their

general discussions. Alternatively, this findingpgarts the assumption that there is a diversity
of political conversation amongst Facebook usessth® parties are platform based, this is a
positive finding. The results defy the thesis afjliistic accommodation of (Niederhoffer and

Pennebaker 2002); a reason for the lack of coaleschere be could that conversation
partners change too rapidly to adapt to one another worth noting that the overall corpus

follows the pattern of polite discussion put fomh(Brown and Levinson 2013; Pennebaker,
Mehl, and Niederhoffer 2003).

With regards to expressions of positive and negaéimnotions (well-being) rather than the

entire spectrum of sentiment, the results are adidtory to those above. In order to

benchmark the politicians’ posts against party repriitWC assessments of the most recently
published party manifesto are included, represebyetthe party name only. Figure 5.7 shows
the relationships graph following the calculatidnd@ssimilarity of Equation 5.1, where edge

thickness as well as centrality represents sintylami latent well-being expressions. Notable is
that all manifestos are rather disconnected froeir tharties posts and comments, with the
notable exception of the Griine, whose commentsraardfesto share similar dimensionality.

The CDU/CSU, SPD, and FDP manifestos express vegtigosimilarly.

1:CDUCSU comments
2:CDUCSU posts
3:CDUCSU

4:Die Linke comments
5:Die Linke posts

6:Die Linke

10:SPD comments
11:SPD posts

12:SPD

Figure 5.7: Expressed well-being relationship matrix, estimatedEuclidean distance

There is a notable cluster of posts on the lef siithe graph; politicians are expressing well-
being similarly across their posts. The strengthhef similarly of the Griine and the Linke
could be explained in that they are the two ‘minparties in the opposition, and thus are
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reaching out particularly emotionally to their ctoents. Especially dissimilar in expressed
well-being are each the CDU/CSU and FDP, as sedhdiy lack of intra-party connectivity
and relatively high distances across manifestastspand comments.

55.2 Meso-level Assessment

Social metrics derived from differences in LIWCemries reveal the patterns of discourse (C.
Chung and Pennebaker 2011; Pennebaker, Mehl, aedeitioffer 2003). Obvious in this
dataset is a distinct propensity to discuss in eesense, which can suggest either that
politicians on Facebook are not in fact ‘campaighiim the traditional sense, but are rather
discussing daily life with their constituents; trat verbal immediacy (familiarity) is in place
(Mehl and Pennebaker 2003). With respect to thdysisaof communal well-being, either
assessment can be seen as a sign of communityniglilsk the fostering of online positive
relationships and communal belongingness (as defimthe terms of Human Flourishing).

The findings reported in (Tausczik and PennebakdiOp of a political discourse study by
Gunch and colleagues (2000) states that this calslol be related to positive campaigning
rather than ‘dirty’ campaigning. Manifestos hav&®Btimes more references the present than
the past and 3.05 times more references the présamthe future, with the exception of the
Grine manifesto that has an inverse present-futela@ionship. Posts are slightly more
balanced with present/past references having adifféefence and present/future discrepancies
at 2.73. Comments are the most present-focusel,audliences referring to the present 3.23
times more than the past and 4.46 times more tiafuture. Considering the population, this
is an unexpected finding. Whereas it may not besualfor politicians and political discourse
to focus on the present rather than the past,liberme of future references, especially in the
face of national elections, is unanticipated (Feghi8).
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CDU_CSU

SPD posts 6 CDU_CSU comments

5

SPD comments CDU_CSU posts

SPD Die Linke

Griine posts Die Linke comments

Griine comments Die Linke posts

Griine FDP
FDP posts FDP comments
s Past e Present Future

Figure 5.8: Language tense patterns of party manifestos, pastikcomments

Political discourse does seem to be communal disecas displayed by the manifestos and
Facebook activity. Social references rank well @mferences to the self; first person plural
and the second person “you” come before first persiagular (Figure 5.9). Considering a
visual analysis of the data, there is no causeste\® that the politicians or constituents are
using the “Royal We,” in which “we” is used to imgptohesion but indicates commands
(Tausczik and Pennebaker 2010). This tendency ttsmeommunal discourse can be seen as
an indication of communal belongingness (a positual-being indicator) as defined in
Chapter 3.2.3.
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CDU_CSU

SPD posts 3.5 CDU_CSU comments

3

SPD comments : ’ CDU_CSU posts

SPD Die Linke

Griine posts Die Linke comments

Griine comments Die Linke posts

Griine

FDP posts FDP comments

] c— e Self You Other

Figure 5.9: Social references in party manifestos, posts, anthoents

This work finds no significant correlation betwepositivity, negativity, use of first or third
person, and tense and thereby cannot replicates@Bust al. 2000), who state that first person
references are related to positive campaigns drdligkerson campaigns are related to negative
campaigning. Also rejected is that the social atcepfeed reflects an “Us-Them” mentality,
when taking the relative frequency of inclusivitydaexclusivity into consideration (Figure
5.10). Especially manifestos and posts orient tde/dnclusive discourse. Comments, whilst
having spikes of exclusionary sentiment, are alsrarchingly inclusive. This again supports
the concept of communal belongingness as an iraicipositive well-being.
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CDU_CSU

10

SPD posts CDU_CSU comments

SPD comments CDU_CSU posts

7
6
5
4
SPD 3 Die Linke
2
Vo
0
Griine posts Die Linke comments

Griine comments Die Linke posts

Griine FDP
FDP posts FDP comments
Inclusivity —====Exclusivity

Figure 5.10:Inclusion and Exclusion references in manifestatgoand comments

Additional interesting patterns in these samplesaiservable. Negative emotions, anger and
money discussions are positively related (rs(331)37, p<.0005; rs(331) = .184, p<.0005),
reflecting on-going public sentiments at bailowtseighboring countries. Optimism, positive
emotions and achievement also have a positivdapsdtip (rs(331) = .362, p<.0005; rs(331) =
.306, p<.0005).

A tempting item to evaluate is the presence of pigoe, defined by (Newman et al. 2003;

Pennebaker, Mehl, and Niederhoffer 2003) as usatjerps of higher negative emotion, more
motion words, fewer exclusion words, and less -fpetson singular. Western cultural

stereotypes are replete with the image of politroédrepresentation — does this hold up to
empirical analysis? The macro analysis finds tleasingle subgroup has a profile indicative of
deception (Figure 5.11), indicating that as a whpkerties are posting quite honestly about
their activities. This is in line with the previo@isding, as if politicians are discussing their
and their constituents activities, there is littfeentive to lie. It must be noted here that
individuals could have quite different profiles;the aggregate though, it is not justifiable to
continue zooming into individual profiles.
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Figure 5.11:Percentage of words in a deceptive profile, petypmaross manifesto, posts and
comments

553 Micro-level Assessment

While warning scholars to proceed with caution,nfi@baker, Mehl, and Niederhoffer 2003)
identified positive and negative sentiment analgsisan area of future research in their 2003
Annual Review of Psychology article. As expectadpgon words in the corpus are relatively
low, accounting for 0.11 - 4.2 per cent of all gost comments. As the experience of positive
and negative emotions is formative to well-beinge(i@r et al. 1985; Huppert and So 2009),
positive and negative sentiment are still evaluaed singular item of focus. One common
method to identify the ‘baseline’ of written pogdi and negative emotion is to subtract
negative sentiments from positive sentiments (Katareand Krueger 2006; Kahneman et al.
2004b). When applying the LIWC dictionary, this weégs grouping the variables Positive
Emotion, Positive Feelings, and Optimism as wethasvariables Negative Emotion, Anxiety,
Anger, and Sadness. Subtracting the negative enabttategories from the positive results in
the variable ‘Net Affect.” While ‘Net Affect’ is Ighly correlated with the existing LIWC
category Affect (rs(275) = .763, p < .0005), theflect different word usages according to the
LIWC dictionary. Net Affect is therefore a more dige measurement of positive and negative
emotion. Interestingly, the Net Affect of politicdlscourse on Facebook is negative (Figure
5.12). Considering that this study takes placedwmaace of an election year, this display of
negative sentiment is rather unexpected. As seeheircoming figures, this indicator is too
highly aggregated. The measure of simple positivé aegative emotion has much more
telling and specific features.
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Figure 5.12:Net Affect of German Political Discourse on Facdboo

Summing all posts and comments, then analyzingrfonthly changes results in the graph
depicted in Figure 5.13. The rise in positive sestfit within the last month of 2012 is due to
increased use of holiday wishes analogous to ttiniy) of (Dodds et al. 2011; Kramer 2010).
An additional bump in positive sentiment for botbsis and comments is visible coinciding
with the lead up to the federal elections, alontpaiminor drop in negatively intoned posts.
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Figure 5.13:Average positive and negative sentiment per mguahkts and comments
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As seen in Figures 5.14a-d, positive and negagmtireent at the party-level and user-level is
even more distinctive. The greater use of wordsibggositive sentiment compared to words
bearing negative sentiment is noticeable, espgcialllight of 60% more words within the
LIWC dictionary being associated with negative seaht (Wolf et al. 2008; Pennebaker et al.
2007). Overall, manifestos have nearly double tbeugence of positive emotion words as
compared to posts and comments, and are more wegaitntoned than posts in all cases.
Positive sentiment within the posts and commertenofoncern congratulations on birthdays,
campaigning activities, and self-promotion. Thiggests that the message that the parties
would like to display is not necessarily being dated in day-to-day interactions of politicians
and their constituencies.

At this granularity level, there are almost no @ifinces in the means of negative emotion
usage, with posts tending to contain slightly lesgative emotion words as compared to party
manifestos and comments. This is also reflectellignre 5.12, where posts are consistently
the least negative of all observations, as welFigsire 5.7, where posts are the most tightly
clustered group. A visual inspection found thattp@nd comments high in negative sentiment
typically detail concerns about child abuse, nifjight operations, as well as the situations in
the Middle East and the financial situations witte€e. This is supported by the correlations
between negative emotions and references to maikyjle criticism of opposing parties is
present, the low negativity levels suggest thattydicampaigning on Facebook is kept to a
minimum. As the comments are both more positive mpde negative this suggests that there
is a minimum of self-promoting behavior, or narigeg amongst politicians (Davenport et al.
2014).
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From this micro-disaggregation, it becomes possiblesee which politician has the most
negative and positive dialogue per party (Tablg.5A8 interesting feature here is found in
positive and negative comments. While there are significant differences at the party
aggregate level, the top five positive commentaaiesdirected at CDU/CSU politicians, and
four of five most negative commentaries are didetethe Linke. Another notable feature is
that while posts from Peer Steinbriick, the SPD exwféer for Chancellor, are amongst the
most positive, Chancellor Angela Merkel appeargheeiin the most positive nor negative
posts and comments. That Marieluise Beck has thst nmegative posts of the entire dataset is
not unexpected as her platform includes criticighenvironmental policy and human rights
abuses across Europe along with her known status \ascal critic of the Russian leader
Vladmir Putin. Ms. Beck's Facebook discourse givesmtext to the stance of well-being
scholars that the experience of negative emot®nst a bad thing, and in fact is necessary for
the development of well-being (Ryan and Deci 2@igner et al. 1999)

Table 5.3: Most positive and negative posts and commentatoury by relative per cent

Name of Politician Party Positive| Negative Party Nine of Politician
Gunter Glose posts SPD 6.17 1.66 Grune Marieluise Beck posts
) Ernst-Reinhardt Beck
Ingo Wellenreuther posts  CDU/CSU 3.62 1.65 Ccbu/Csu posts
Hens Peter Friedrich postt CDU/CSU  3.61 1.54 Linke Ulla Jelpke posts
Peer Steinbriick posts SPD 3.59 1.54 Grine Omidiplour posts
Guido Westerwelle
Franke Edgar posts SPD 3.53 1.40 Ccbu/Csu
posts
. _ Andrej Hunko
Gero Storjohann comments CDU/CSU 9.9 3.85 Linke
comments
: Karin Binder
Albert Rupprecht comment CDU/CSU  8.78 2.75 Linke
comments
) Sascha Raabe
Peter Wichtel comments Ccbu/csu 8.64 2.04 SPD
comments
: Dorothée Menzner
Ewa Klamt comments CDU/CSU  8.47 1.97 Linke
comments
) ) ) Richard Pitterle
Sabine Weiss comments cbu/csu 8.31 1.88 Linke
comments

Similarly, at this granularity it is possible teew the politicians and constituents indicating the
highest tendencies towards inclusion and exclugicable 5.4). This seems to have little
relationship with election results, as only threditgians did not re-join the 18th German
Federal parliament, although Ms. Holl (exclusionagmmentators — 4.62%) did lose her

position in parliament.
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Table 5.4: Most inclusive and exclusive posts and commengtoups by relative per cent

Name of Politician Party Inclusion | Exclusion Party Name of Politician
Sascha Raabe ; Barbara Holl
SPD 8.57 4.62 Linke
comments comments
. . . Dorothée Menzner
Claudia Roth posts Grine 7.63 3.2 Linke
comments
Anette Kramme
Franke Edgar posts SPD 7.62 2.86 SPD
comments
_ ) i Diether Delm
Diether Dehm posts Linke 7.52 2.86 Linke
comments
. . Karin Binder
Gunter Glose posts SPD 7.41 2,75 Linke
comments
Ernst-Reinhard Beck Hans-Joachim Fuchtel
Cbu/csu 7.32 2.63 CDhuU
comments comments
: : Petra Ernstberger
Sibylle Pfeiffer posts CDU/CSU 7.24 2.55 SPD
comments
Aydan Oezoguz posts SPD 7.23 2.54 FDP Daniel Votkroents
Frank Walter . Friedrich Ostendorff
: ; SPD 7.12 2.53 Grune
Steinmeier posts posts
, Gunther Krichbaum
Rainer Arnold posts SPD 7.01 2.53 Cbu/Csu
comments

A further look at social discourse between indi@dpoliticians to their constituents bears
final interesting features. At the politician ley#tis work found no significant differences in
discourse patterns based on gender, nor are tleerdeq differences found in constituents’
responses to politicians. Posts tend to be statsnaem comments tend to ask questions,
which could be indicative of the finding that higlstatus people ask less questions (Tausczik
and Pennebaker 2010). Anecdotally, Chancellor Markgosts did not contain a single
guestion mark for the 13 months of this analysis.

5.6 Discussion

German political discourse is a rich, dense netw@&rman political discourse occupies a
close space, though distinct characteristics aladioaships appear when viewed at the correct
resolution. A tempting assessment is that the dsBacebook data for analysis between
politicians is unnecessary, as it is signaling satre between their platforms. However, one
overarching fact of this study is that posts anthmments are oftentimes intransitive, indicating
that politicians and constituents are more ofteanthot talking past one another. While the
two largest parties (CDU/CSU and SPD) tend to udae feeds in similar ways, the three

smaller parties have attributes onto themselvesré/the Griine is the least similar and most
future-oriented party, the Linke has the highestcemtration of negative commentators.
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Distinct in its nondescriptness, the FDP showed discrete patterns. This lack of
distinctiveness is quoted as a major reason why B did not meet the minimum criteria of
to be re-elected into the 18th Parliamént.

Positive and negative sentiment are interestingcatdrs in terms of communal mood, but
show only limited potential as public opinion gasig€his is due to the missing component of
personality — without an estimate of aspects likeagersion and neuroticism as established
with RQ 1.1, a baseline of well-being is difficult to establisThis lack of benchmark is also
closely related to a limitation of this chaptergtheed to cross-verify the data with study
participants. Much more revealing is the sentin@dlysis in its entiretyRQ 2.3). Discourse

on Facebook is polite yet hierarchical, and outsaddegendered discourse. Aspects of
communal belongingness and familiarity are fouratdbook offers an open, deliberative and
participatory civil society forum for exchange. Aet campaigning is kept to a minimum, in
favor of continuous updates of how the politiciarserving the community. However, where
politicians seek to be as inclusive as possiblastituents are careful to make distinctions in
their viewpoints. Interesting to investigate in thaure is to what extent this impacts
communal belongingness. While differences are dinthe coarsest level of analysis, patterns
can be detected. Sentiment analysis at a user-lsvetomising, as aggregating sentiment
levels of users to a higher party average or ovavarage leads to an averaging value without
distinct significance, causing a blurred view. Aalingly, it is striking that when observing at
different levels, i.e. all, a party, or an indivadusubtleties otherwise lost in the aggregation
method are uncovered. Individual sentiment scoigngn especially poignant method for a
TSR application. This was illustrated in the ladkgendered discourse and gender-directed
responses in the face of a growing body of litemtstating that Internet anonymity can
increase sexist remark.

This analysis of political sentiment mining indieatthat modern assessments of public
opinion are largely improperly scaled. It cannoubéerstated that standard national indicators
in use today rely on the aggregated view and natt @i the individual or (sub)group. This
supports the argumentation of Chapters 1 and&3sdt partially fulfils the requirements set up
in RQ 2.3 By correlating public sentiment with other dateellocation, socio-economic data,
age, political party or others, researchers andsibec makers can begin to identify and
categorize the impact of political actions. Theueabf the Social Observatory approach is also
that it is use case independent: approaches out$idesll-being like crime tracking, event
prediction, and institutional monitoring are easiighin scope.

B http://wahl.tagesschau.de/wahlen/2013-09-22-B D&l se-
wanderung.shtml#11_Wanderung_UNION (infographiGerman) Last Accessed: 11 November 2013.
3 http://www.theatlantic.com/technology/archive/20liBtthe-unsafety-net-how-social-media-turned-
against-women/381261/. Last Accessed: 20 Octobb4.20
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In policymaking, public conversation and governmsestwmetimes face a chasm. The Social
Observatory monitors both the public mood on poifoplementations, and possible negative
backswings. It also has the ability to cluster puléxt in a way which both highlights
similarities and differences between parties andiesaces. Emphasizing current topics of
conversation is also not to be undervalued in tiaeoé the 24-hour news cycle, where the
flashiest information is oftentimes the most fregflieshown, even if they are not the topics
which are in discussion around the dinner tabl¢hikway, Social Observatories contribute an
expansion of the methodology for empirical TSR aapions RQ 1.2).

5.7 Limitations and Conclusion

Whilst the results of this case study are encongdghe methods are not without fault. Within
the quality control of selected users posts witboinectly labelled sentiment scores were
identified. Those deviations can have differensogs. A misinterpretation by the word/word
stem approach is most likely, as these methodsareriously hard to apply to cases of
ironicism and sarcasm (Tsur and Rappoport 2010 pbst filtering approach can be
revisited: this exploratory study includes onlytssaupdates without photos, videos or links.
Some politician profiles heavily use media con{eng., Angela Merkel), and are consequently
largely omitted from the analysis. Another issughiat politicians have PR teams that often
post on their behalf. As such, the feature extoacénd filtering methods should be extended
to enable differentiated authors. This would regudr nearly post-by-post analysis of latent
sentiment patterns which is nearly impossible aataset of this size due to the tool in use.
The text analytics functionality currently providdéy LIWC is limited; making it a tool
invocable from the command line for the futureatems of the Social Observatory workflow
would be worthwhile.

The continuing integration of the offline and dadiself creates new requirements for social
researchers and stakeholders. As mentioned in theeging section, whilst the Social
Observatory is a useful method for the extractibrdata and supporting of analyses, the
current iteration is missing a feedback loop talgtparticipants. This loop would enable the
cross-verification of aspects like belongingnessvell-being. Additional data like personality
could be attained with such a loop; also verifiabteuld be if the discourse participants are
employing alternative personas to embody an oritiealized self (Hilsen and Helvik 2012;
Buckels, Trapnell, and Paulhus 2014). The apprcacinrent iteration does not allow for such
secondary analyses, and as such requires furtbeandh RQ 2.4). This is in fact important
for a proper meso- and micro-level analysis, armlkhbe considered in future iterations of
the Social Observatory as well as in future TSRiegfons.

More and more, interactions and reactions to ui#dihs happen online. Missing is a
generalizable, open-source tool for accessing awadyzing these phenomena. This chapter
presents the vision and architecture of a Sociae®atory: a low latency method for the
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observation and measurement of social indicatotisinvan online community. To explore the
usefulness and possibilities of a Social Obseryafor policy and decision makers, a
Facebook adapter was implemented, focusing the ridtsey on 187 German federal
politicians and 257,305 lay constituents, as p®x}@ public opinion. User interaction is
observable and by leveraging the LIWC text analysilkit, different facets of
communication processes are identified and sigmfidifferences in sentiment between the
politicians and their followers are observed.

The implications of this work are threefold; fisgth framework to automatically extract public
data troves (even from Facebook profiles) for usstudies related to online communities is
created. Secondly, that with a few generalizabbdstquite complex interdisciplinary research
processes can be undertaken. Finally, using osipall number of points of reference, i.e. the
187 politicians, the approach can discover and yapal the actions of an entire
(sub)community RQ 3). By employing similar techniques and extending #imalysis stages,
undertaking the same study on any online socialnoonity is enabled, shedding light on
specific social dynamics, and identifying key dituential actors unobtrusively. This ability is
of key strategic use for public figures that wishassess for example their public standing, or
the reactions to specific actions.



Chapter VI  Detecting  Self-Representation and
Well-being on Facebook

“When an individual appears before others his awiavill influence the definition of the situation
which they come to have. Sometimes the individillahet in a thoroughly calculating manner,
expressing himself in a given way solely in ordegite the kind of impression to others that is
likely to evoke from them a specific response beriserned to obtain.”

The Presentation of Self In Everyday L{&offman 1959)

t is indisputable that social media and the Intereshaped information disbursement and

processing. This leads to specific challenges imptidg to the management of

communication. As a generalization, social med&rsisan be split into two groups: users
who search for information, and users who produt#/ca form information (Auer 2011;
Kushin and Yamamoto 2010). Especially important fesearchers and practitioners is
observing and managing the effects of informatiogators on information recipients (Auer
2011). Poorly created informational content cantrdouate to what is known as the ‘spiral of
silence’ in public opinion, both on and offline (Hpton et al. 2014; Noelle-Neumann 1974).
This need is more pressing in the face of recemtiigs from Pew Research, that 30% of
Americans primarily receive their news from Facdhot0% from YouTube, and 8% from
Twitter (Hampton et al. 2014). Especially considgrthat oftentimes users actively search for
opinions mirroring their own, the veracity of crowdbursed information is of upmost
importance.

This veracity is a reason online social data raiskallenges for researchers aiming to
unobtrusively apply publically accessible onlingadt generalizable social models. As seen
in Chapter 5, the trove of potential data is vast, the ability of researchers to verify its
veracity is low. Across platforms like Facebooknkedin, Twitter, and blogging services,
users (sub)consciously represent themselves inyawhki&ch is appropriate for their intended
audience (Qiu et al. 2012; S. Zhao, Grasmuck, aadiM2008). However, researchers have
not yet adequately addressed controlling for sgfesentation in online social networks, or
the propensity to display socially responding chimastics or censorship of oneself in online
fora, (Das and Kramer 2013; S. Zhao, Grasmuck,Madin 2008). As such, researchers on
these platforms risk working with ‘gamified’, or@ally responding personas that go beyond
efforts to contain CMB (Linville 1985; Podsakoff aet. 2003; Ruths and Pfeffer 2014;
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Gonzalez-Bailén et al. 2014). What has not beerragmhed in a systematic way is the
verification of such data on offline and actualgmerality (this chapter uses the same definition
of personality as in the preceding chapters). Tédses the open question of alignment of
unobtrusively gathered data and online self-reporti@ta. This chapter focuses on the
alignment of survey methods with unobtrusive meshotlgathering data from online social

media in support of accurate assessments of threeieel of the TSR framework.

The chapter hypothesizes that self-representateonbe identified, and thus eventually be
controlled for in broad social models (Section 61his enables the social research to obtain
online social media data and pre-process it aceglylifor use in TSR models. For this study,
the popular crowdwork platform Amazon MechanicalkTAMT) was employed. Survey
responses and Facebook Timeline data from 509 wor&ection 6.2-6.3) were recorded.
Sections 6.4-6.5 discuss and summarize the cotitgihuimitations, and points out areas for
future work. This chapter is built upon and extettds working paper (Hall and Caton 2014),
presented at the Internet, Policy, and Politic§e@mce held at the Oxford Internet Institute.

6.4 Conceptual Background

Self-representation has been discussed in sevandswior online and offline fora. These
studies discuss that one's tendency to truthfuliglose personal information emanates from
an associated intrinsic value (Ellison, Heino, &idbs 2006; Lawson and Leck 2006; Mehra,
Kilduff, and Brass 2001). Specifically personaliiigd expression of well-being are interesting
to assess for signs of self-representation duédw known relationships in on- and offline
fora. While many methods including surveys, intews, and (n)ethnographic research can
identify self-representation from the first persparspective, text analytics is a promising
research design for the unobtrusive identificatod mitigation of self-representation bias in
data at a lower overall cost.

6.1.1  Self-representation and Online Social Networks

Self-representation is distinct from the concepideitity contingencies (Purdie-Vaughns et
al. 2008), where self-representation is the pregsiemt of idealized self and identity
contingencies is the presentation of a social itlentarker (e.g., being a computer scientist,
being from the United States). In real life directmmunication is often the social norm
(Hoever 2010) whereas in social networks commuiuinais more indirect. Users present
themselves online by means of likes, text, musaew and pictures. Status updates, uploading
pictures or inserting information in the "About Meskction is not directed to anyone
specifically. Although one approximately knows whray be reached, it is not known who
will respond. As Facebook is not anonymous (in ajtmn to Twitter) the freedom of identity
construction is significantly restricted. Most p#ppse Facebook to stay in touch with people
met offline, so they cannot completely detach theie identity (S. Zhao, Grasmuck, and
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Martin 2008). Thereby users try to present a shycadpired self-image to be ‘popular’ (Utz,
Tanis, and Vermeulen 2012). In (Hampton et al. 20t 4vas found that social media users are
even less likely to express their opinions offlihthey believe they differ from the majority
opinion, speaking to the influence of socially-r@sging personas. It was also found that users
want to make themselves seem more interesting laréfore shorten self-descriptions (Utz,
Tanis, and Vermeulen 2012). Self-representaticaiss bound to time and place. In real life
one must immediately respond to an interlocutcoggonent. In social networks, one has the
option not to act immediately. Local binding isnelhated with social networks (Goffman
1959; Hogan 2010).

Presentation of self in terms of online media wesotetically addressed by (Hogan 2010). He
contends self-representation is an increasinglyjueat strategy in online participation.
Following noted sociologist Erving Goffman’s wor&dgffman 1959), Hogan addresses digital
‘exhibitions’ and ‘curators’ where exhibitions adlefined as status updates, listicles, or photos
and the virtual curator creates the digital contémtsetting the terms of self-presentation in
theatrical terms, this work makes distinct that-sgpresentation is the display of the ideal self,
rather than a pattern of deception. Research enniet dating finds that the potential for self-
representation is an attractive attribute of onkweévities (Lawson and Leck 2006). (Mehra,
Kilduff, and Brass 2001) describe self-represeotatas self-monitoring, defined as the
construction of a publically presented self for igbdnteractions. The value of self-
representation is supported by their findings lagkat high and low self-monitoring (self-
representing) by employees in a high technology.fifhey find that high self-monitors are
more likely to occupy preferential positions andidndigher social network density than low
self-monitors, measures of both the relative sueadsa self-representation strategy and
common indicators of well-being (Huppert and So30A contradicting study by (Ellison,
Heino, and Gibbs 2006) considered an online dagimgronment in order to determine the
extent of self-representation by users. Resulthaif interviews (n=34) indicate that the users
who are more ‘honest’ in self-presentation have ensuccess in dating. Nevertheless, all
interviewees noted that in their online dating pesf they attempt to reveal themselves
particularly positively, and have the same impm@ssif the profile construction of other users.
Across these studies, honesty in online representa valued but ability and application of
self-representation online has attractive sociadipforced benefits.

6.1.2 Emotional Disclosure and Well-being on Facebook

Facebook’s study on self-censorship, the typing thditing, deleting, or posting of statuses
and comments from 3.9 million Facebook users, ladkBow users alter their statements in
guasi-public fora (Das and Kramer 2013). They fodaélo of users self-censor in some way.
Male users censor more than female, and Facebagik poe more frequently regulated than
comments. They find that those with higher bouretar{estimated by the amount of

regulations in place on the audience of the pogiargon) self-censor more, and theorize that
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the lack of control over an audience drives seffsoeship. Perceived lack of control is
generally understood to be a characteristic of ateupersonalities (DeNeve and Cooper
1998). Active self-censoring and its associatedgieed lack of control can be understood as
complementary to the findings of (Kross et al. 200M8ho found that more time spent on
Facebook is predictive of lower SWB, given the knomlationship between low well-being
and neuroticism.

Disclosure of emotional well-being online is diéet in real life (Qiu et al. 2012). In real life a
person's feelings can often be guessed throughl fagpressions and body posture. Studies
show that self-disclosure is generally more empeaksin real life. In (Qiu et al. 2012), it was
discovered that users communicate their positiveotiems more frequently via social
posturing, finding that negative emotions in Faatbare hardly communicated. The intensity
of positive emotion disclosure is linked to one’straversion or neuroticism levels as
measured on the Five Factor model of (John, Donaaod Kentle 1991). Propensity to
disclose one’s emotional well-being is closely tetato one’s personality (see Section 4.3),
which is reliably measurable with online social maediata.

Considering disclosure of personality and well-geinhas been shown in this thesis and in
literature that extraverts are linked to higherlseing and more positive emotional disclosure
(DeNeve and Cooper 1998; Hall et al. 2013; Hasléhelan, and Bastian 2009; Yarkoni

2010). Neurotics have opposite tendencies. Thessompaity types and disclosure patterns
have unknown interaction effects with self-repréaton in online social networks. For an

overview of this research, refer to Section 4.3aétordance with this thesis’ findings and
extant literature, the following hypotheses aralaihed:

H1 Extroversion is positively related to well-being
H2 Neuroticism is negatively related to well-being

The hypotheses are key, as they substantiate theityeof the data. If it is observed that the
hypotheses cannot be rejected, then further assumpabout the underlying relationships
between personality, well-being, and self-represtéort on Facebook can be made. Rejected
hypotheses are then indicative of poor reportiogifthe platform, or overt self-representation.

A recent controversial study from Kramer and caless also employed emotional disclosure
aspects, which can be understood as closely refateelf-representation when considering the
findings of (Hampton et al. 2014; Hampton et all20Utz, Tanis, and Vermeulen 2012). By
altering the emotional content of friends’ statugisible on the timeline, they found that the
display of emotion is contagious (Kramer, Guillognd Hancock 2014). Emotions in that
study as well as this work are displayed via wgttraits (as defined in Section 3.2.3). This
study leads to the assumption that positive writiragfs are linked to higher well-being and
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negative writing traits should indicate lower wieling, though this has not been definitively
proven in literature. These findings lead to pasgitthe following non-directional hypotheses
in order to more fully investigatRQ1:

H3 When well-being scores are high, more positikgng is used
H4 When well-being scores are low, more negativiéngris used

Establishing a relationship between well-being awiting traits allows us to extend the
understanding of the relationship between persgmaliell-being, and online emotional
disclosure. Rejecting H3 and H4 would indicate timassessment between how well a person
feels and their expression thereof on Facebookbmamade, which is contrary to extant
literature.

6.1.3  Detecting Personality and Well-being with Text Ayakcs

As reviewed in Section 2.2.2, LIWC is the tool iseun that it shows robustness to being used
with short, informal text; it is available in myte languages; and has the most extensive
psychometric dictionary available to date. It h#soaeen applied to similar social media
studies looking at personality (i.e., (H. A. Schizaat al. 2013)). These facts make it the most
appropriate tool for the task of isolating persapdfom Facebook posts.

LIWC's premise is that it is structure and not @xttthat matters. It argues that word function
is more revealing than the words actually in usendiion words comprise approximately 55%
of a given language and are difficult to manipul@ausczik and Pennebaker 2010). Function
words can detect emotional states (Kramer et @4 2Rramer 2012), predict where they rank
in social hierarchies and the quality of their tielaships (Niederhoffer and Pennebaker 2002),
along with their Five Factor Personality Model &somand happiness levels (C. Chung and
Pennebaker 2014; Pennebaker, Mehl, and Niederizf8; Yarkoni 2010), as well as gender
and age (H. A. Schwartz et al. 2013). LIWC has keggplied to predict lying (Newman et al.
2003), and its output has proven to outperform mgnand predict above random when
detecting dishonest writing samples (Newman et2803; Ott et al. 2011). Based on the
findings of (Kramer 2010; Yarkoni 2010; H. A. Schizaet al. 2013) two hypotheses on
personality detection and writing style are grouhdg&imilarly to above, these hypotheses are
not directional as the conversation has not beénitieely settled in literature.

H5 When extraversion scores are high, more positiveng is used
H6 When neuroticism scores are high, more negatiting is used

The assumption is that personality is likewise tdeble in writing traits, concentrating on
two traits well known to be associated with botlsipee and negative writing (see discussion
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in Section 4.2-4.3 on this relationship), and hagid low well-being. Failing to reject these
hypotheses indicates that it is possible to isgheesonality traits in a one to one manner, as
established in literature.

Well-being

H1 H3
H5
i € N Positive
Extraversion [€ > 1t
Writing
H6
Neuroticism  [€ > Neg.apve
Writing
H2 H4
Well-being

Figure 6.1: Relationship model considering directionality ofsmnality, well-being, and profile
text

These simultaneously considered hypotheses allowo uake a comprehensive view at the
interactions between personality, well-being, andgbook profiles (Figure 6.1) in accordance
with RQ2.4. Whereas confirming H1 and H2 is necessary todatdi the data, H3-H6 are
useful in identifying if latent relationships exia$ indicated in the data, or if there could be
issues of self-representation present in data gath&om online social media profiles.

6.5 Methodology and Research Design

To facilitate the study, 509 AMT workers completeslychometric surveys via a Facebook
application, from which 469 wholly-recorded questhaires were returned. Whilst several
approaches are available for discussion, includimepost interviews with workers, this
chapter concentrates on unobtrusive methods foaligament of psychometrics and online
social media persona. Psychometric surveys aréiadbleeand robust mechanism to establish
personality, and can provide a necessary basefitteegerson from which to diagnose self-
representation. A selection of sentiment categofmsnd to correlate with deception,
personality, and confidence are then assessedtitnaés individuals’ propensities for self-
representation in their social media persona (BgcKeapnell, and Paulhus 2014; Tausczik
and Pennebaker 2010; Newman et al. 2003; Yarkdt®OR@hile these indicators are unlikely
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to be the only psychometrics indicative of selfrementation, but they are the most thoroughly
researched and thus the most robust for this asalys

In use for the establishment of personality isitistrument proposed by (John, Donahue, and
Kentle 1991), the 44-item Big Five InventdfiyHuman well-being and its expression are also
of interest. To this extent, the Human Flourishsegle of (Huppert and So 2013) is employed
in accordance with the discussion in Chapter 2This 10-item scale established both SWB
(Diener 1984b) and PWB (Waterman 1993), makingvidlaable measure in the assessment of
personal and emotional well-beiffyln addition to the psychometric survey items is fla-
item online social media usage survey mechanisabkstied in (Ewig 2011%. The question
list and designation scheme is available in AppemdFrom this point on, all survey items
will be referred to with their designated notation.

AMT has proven a reliable platform for conductingline experiments with a representative
population (Berinsky, Huber, and Lenz 2012; Padlacbandler, and Ipeirotis 2010; Ross et
al. 2010). An initial screening question based eamding attentiveness was employed in order
to minimize ‘click-through’ behavior (Berinsky, Hakh and Lenz 2012). Due to the question
structure and number of questions, nine minutes egtablished as the minimum amount of
time needed for completion. Workers who completetéss than nine minutes were excluded
from the analysis, as well as those with unit emitnon-responses, or otherwise incomplete
items (Galesic and Bosnjak 2009; Boshjak and T@@®il). The study was launched over a
24-hour period to accommodate differences in tiomees.

A summarized privacy statement and informed condentiment was presented on the entry
page of the HIT (Human Intelligence Task), withudl privacy statement was available on
request, detailing the uses of data and steps takéerto guarantee privacy. Informed consent
and privacy detailing are structured in accordanith the guidelines of the Association of
Internet Researchers (Markham & Buchanan, 2012)pak#icipants completed the survey, a
PHP-based Facebook application simultaneously sedetheir unique Facebook ID, and via
Facebook's Open Graph API (application programmintgrface) accessed participants’
Facebook timelines (Figure 2) for offline analydfmyments of US$ 0.74 were issued at the
end of the survey, equating to 1 cent per questamticipants’ IDs were one-way hashed,
with profile, survey, and worker payment being tiedhe hashed ID. As the data is stored to
disk, the hashing of IDs is necessary to maintaar anonymity.

% Big Five Inventory items are referred to as BF#his chapter.
% Human Flourishing items are referred to as HFthim chapter.
37 Social media usage items are referred to as SNHisrchapter.
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Accept Facebook
app

Read Facebook
Timeline

Y

Store to disk

Is
language
detected?

No No i
Manually check  p—— E:I;;'ig

Perform Sentiment
Analysis

Discovery/Analysis
of User Groups

Create User Profile >

A

Perform Topic
Modeling

Figure 6.2: Workflow illustrating the steps to acquire, analyaed interpret text data

Workers were given an option to opt out of the HiiTthe stage where it linked to their
Facebook profile or abandon the HIT at any othéntp®rivacy-aware users were able to hide
their activities from the app. Regardless of usprs/acy settings allowing timeline extraction
or not, workers were paid with survey completioheTapp extracted only posts, i.e., status
updates, participants made to their timelines. Oplost types such as shares, profile updates,
etc. are excluded as they are not fully self-predutexts. This type of constraint can create
first-order bias by potentially culling messagesnirthe list of retrieved posts (Gonzalez-
Bailon et al. 2014). However presentation of thi§ sexd mitigation of possible bias in self-
presentation is under consideration; comments fthmar users are not immediately helpful. It
is also an ethical grey zone to harvest the conmsnehparticipants’ friends. As this study is
not a network study, second order bias is not denstl here (Gonzalez-Baildn et al. 2014).

The JSON objects were retrieved from Facebook,eplargnd stored in flat files so that they
could be imported into LIWC for sentiment retriev@locured data is stored initially in JSON
objects (one per participant) and represents tlieeetimeline and basic information — this
format mimics the Facebook representation of datdy without pagination. To analyze
Facebook data, the data is partitioned with variguenularities, i.e., per hashed ID or ID
groups, and then temporally i.e., weekly, montblythe complete collection of posts for the
entirety of the timeline. A complete descriptiontloé Social Observatory process is described
in Chapter 5.2.1. Compiling the data in this maradkaws execution of studies with LIWC at
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multiple granularities and time samples. The LIWglgsis is performed manually as LIWC
does not facilitate automated invocation.

6.2.1  Statistical Modeling

Three statistical procedures are heavily utilizedhis work, namely Spearmangs logistic
regression, and automatic linear modelling (SPSSiae 22). Additionally, one secondary
analysis required the application of an ANOVA (dissed in section 6.3). While linear
relationships exist in the data, some cases arenaonally distributed. (R. L. Fowler 1987)
notes that Spearmanis outperforms other correlation methods in casesasftaminated
normal distributions, and is robust to Type lllas (correctly rejecting the null hypothesis for
the wrong reason(s)). This justifies the use ohther than Pearsonts in spite of the fact
tests on true values rather than ranks (thus maiteelationships). Spearmanis is
calculated as:

4 6 d?
p= n(n2-1)

(6.1)

For a sample of size, with then raw scoresX;, Y;, raw scores are converted to rangsy;,
whered; = x; — y;, is the difference between ranks.

Binomial logistic regression is appropriate forlthtomous dependent variables, such as those
found in items [SM 4-7; 9, 11-14] and categorical apntinuous independent variables
(Rodriguez, 2007). A binominal regression is folgndescribed as:

log 20 = By +x+ B (6.2)
Where solving fop requires:
e.BO+x*.B 1
P D,W) = s = TreBoreh) (6.3)

Automatic linear modelling is employed for its fi#ees in automatic data preparation and
handling. Regression in SPSS version 22 is rulé@sit is limited to step-wise methods only,
cannot conduct an all-possible subset analysis cfwlg necessary here for exploratory
reasons), and does not automatically identify aanuidle outliers. Automatic linear modelling
is more robust against Type | and Il errors in cangmn, and can improve predictions by
conducting a model ensemble (Yang 2013). The aisalydlizes the boosted, best-subset
model consistent with data mining approaches, desrin Equations 6.4-6.9. SPSS 22
defines multiple imputation general linear regressas (IBM 2011a; IBM 2011b).
0.2

y; =x'if +e; withe,”N (o,;)

t
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Prior: Pr(B,logo?) « 1, or equivalenthyPr (B, c?) o« 1/0? (6.4)

Using the complete cases (here, the survey dateeantts of the LIWC sentiment analysis), to
fit the regression model. The assumption is thhtredundant parameters (e.g., survey or

LIWC categories) are removed. Denoting fitted paetars a{ﬁ, &2) such that
B = (X(FWX) ™ XeFW X,

62 = (Yo — XcB) EWo (Y — XB)/(Nops — P) (6.5)

whereN,,s = Yicons(r) fi IS the number of complete caspss the number of parameters, and

Y., X., F,, W, are the dependent vector, design matrix and freyueveight, regression weight
matrix for complete cases.

The posterior distributions are:

Blo?, Y, X N(B, (X.FW X)) 1a?)

02 |Ve, X~ (Nops — p)° /XNavs (6.6)
A is the upper triangular matrix of Cholesky decosipon (X.F.W.X.)"1 = A'A (6.7)

Drawing parameters from the posterior distributjairaw (¢*)?: defined as a random value
from X, _,, then(c*)? = (Nops — p)7 /™. (6.8)

Draw 8*: drawp independeni(0,1) values to create a random vestaheng* = f + o*A'v.

then imputing missing values. Foin mis(Y) drawz; from N(0,1); imputation is

g

yi = xB" + (6.9)

6.2.2  On Reliability and Method Biases

Surveys are prone to rater and item effects (PadddacKenzie, and Podsakoff 2012) and
online data is susceptible to context effects ammuing error (Sills & Song, 2002). The

surveys in use are previously empirically validated! the data collection and processing
found that 82% of the sample did not violate caists suggested in (Podsakoff et al. 2003;
Podsakoff, MacKenzie, and Podsakoff 2012). Chapwiows that the Big Five Inventory and
Human Flourishing (well-being) are reliably recatd@ an online environment, mitigating

context effects. The scales utilized had minimaiaaesirability and are balanced in positive
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and negative words (see Appendix ) in line withodPakoff et al. 2003; Podsakoff,
MacKenzie, and Podsakoff 2012). The crowdworkeesults from these surveys indicate
replication of (Huppert and So 2013; John, Donalnd, Kentle 1991; Ewig 2011), indicating
reliable data.

The analyses suggest construct reliability and eagyence, with the KMO measures for all
constructs (personality, personal well-being, Faokhusage) ranging from 0.788 to 0.9 (Table
1). In the construct Facebook usage, a Principlagoment Analysis (PCA) indicated that two
traits, “Do other people present themselves diffdyan online and offline settings?” [SM10]
(0.391) and “I can be more open online than in hésll [SM14E] (0.487) did not fulfil the
KMO criterion of a 0.5 minimum value, and are tliere trimmed from the scale in
accordance with (Podsakoff & Organ 1986). In eaCA Rnalysis, Bartlett's test of sphericity
was statistically significant (p < .0005), allowirrgjection of the null hypotheses. This
indicates that there are correlations between shedles, which are essential because if there
are no correlations between variables, they cabadactorized. Cronbachtstests of internal
consistency, a standard measure for this type a@lysis, showed values ranging from 0.668 -
0.841 (Table 1). Generally speaking,caabove 0.6 is considerable acceptably consistene to
further researched (Lance, Butts, and Michels 2006)

Table 6.1: Measures of sampling adequacy and internal consigte

Kaiser-Meyer-Olkin Measure of Sampling Adequacy

Personality Well-being Facebook usage

0.648 0.900 0.788

Cronbach’'s a

Personality Well-being Facebook usage

0.603 0.841 0.668

6.6 Results

Workers self-reported current locations in six gapgic regions, with the bulk majority of
workers reporting locations in the United Stated hrdia. Accordingly the largest language
group was English with 285 timelines using predatety English. 73% of workers self-
reported to be aged 35 or younger. Gender of thi&ex® is evenly split between women and
men, with one non-disclosure and one choice ofé@tl87% reported being unemployed and
57% completed at least a bachelor's degree. Thplbitsxof these results considering HFS can
be found in Appendix IV.
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Of the 285 English profiles, 282 have profiles waih or more words over the lifetime of the
profiles (ranging from 2006-2014, with the averagecount opening in 2010). When
considering the 285, the average word count pekevds 9,379; deleting these three profiles
gives an average word count of 11,087. This sigsifihe magnitude of variance in the
profiles. Table 6.2 illustrates some descriptiveegaries considering the average and the SD
of the profiles, as well as the frequency of wowdth more than six letters, a measure of
linguistic maturity (Tausczik and Pennebaker 202@ain, emoticons and words per profile
indicate a huge variance. Therefore, the follonamglyses are normalized for length unless
otherwise stated. Only the 282 English profileshwitore than 50 words are used unless
otherwise noted as the profiles with 50 or fewerdgodo not have enough text for a proper
analysis, and the other linguistic subgroups dewise too small for meaningful statistics.
The 50 word sensitivity threshold was determinesl avirepetitious data entry into LIWC; at
the 50 word threshold there ceased to be signifiddferences in the percentages reported
back from LIWC.

Table 6.2: Mean and SD per profile

Per Profile K o
Words Used 9379 24367
Emoticons .05 .07
Unigque Words 38 22

+6 Letter Words 16 6

There are some generally interesting results basdtie calculation of Spearmarpsdealing
with contact patterns and motivation of use outsitiself-representation issues. Workers who
use Facebook frequently also update their profieguently (s (337 = .292, p < .005) [SM
1/2], though those with a higher number of friefds/e a negative relationship with the
frequency of loginsr{ (337 = -.314, p < .005) [SM 1/3]. A negative radaship also exists
between number of the friends and the number ohigsd; (337 = -.252, p <.005) [SM 2/3].
A worker with high well-being score has a positsignificant relationship with a higher
number of Facebook friends; (337 = .112, p < .041) [HF/SM3], but a negativlatienship
with frequency of updatesy((337) = -.109, p < .047) [HF/SM2]. These resultpsurt, yet
give a more nuanced understanding to the finding&ioss et al., 2013) that Facebook usage
predicts lowered SWB in young adults.

Family, and on and offline friends are a major iies¢ areas for worker& Workers who use
Facebook to show what they know and can are ldssested in contacting family than all
other groups (on and offline friends, unknown pedplExp(B) = 0.5, p = 0.071) [SM
9H/SM4]. Those who mainly like status updates aostniikely to contact family members

¥ Results in this paragraph are the results of biabragression.
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(Exp(B) = 2.320, p =0.006) [SM 1D/SM4]. Workers whise Facebook in order to be
recognized by others and are half as likely to hafflne friends on Facebook as the rest of
the population (Exp(B) = 0.550, p = 0.085), and twice as likely to be interested in
contacting family members on Facebook (Exp(B) =89,9p = 0,067) [SM 9C/4]. An
exception here is those who want recognition ammpett from other users: they are half as
likely to contact family members (Exp(B) = 0.406,9$0.011) [SM 9E/4]. Men are less
interested in maintaining contact with family oncehook as women (Exp(B) = 0.393, p =
0.001) [SM4], and those who frequently like videoe twice as likely to use Facebook for
contacting their family (Exp (B) = 2.502, p = 0.0d&M5/4]. Workers whose profile picture
does not show their face are half as likely to wantontact offline friends and are more
interested in finding unknown online friends (Exp@0.413, p = 0.007) [SM 11F/4], as well
as workers who have a stronger feeling of selfrd@teation over what they show others
(Exp(B) = 1.344, p = 0.033) [SM14B/4].

6.3.1 Identifying Self-Representation

Deceptive profiles as identified in (Newman et24l03) were assessed by first establishing the
mean of the LIWC categories first person singutaotion, exclusion, and negative emotion.
Two cut-offs were employed, by adding the first astond SD to the average. Those who
employ above average negative emotion and motiomsy@and fewer exclusion words and
less first-person singular are considered to dysglatential signs of lying. Fitting this
description are 96 worker profiles, or 34 per aanthis sample. This is line with the findings
of (Caspi and Gorsky 2006), who found about a thiréFacebook users regularly lie in their
Facebook interactions. These profiles are dematcaterder to use them as a control element.

If H1 and H2 are confirmed, the assumptions are it - H6 should also be confirmed;
otherwise, issues of self-representation in the da¢ likely evident in the data. For the one-
tailed hypotheses of a positive relationship exgsthetween well-being and extraversion and a
negative relationship existing between neuroticisrd well-being [H1/2], both hypotheses are
strongly confirmed (282) = .357 p < .0005] /{282) = -.263 p < .0005]).

Table 6.3 shows the further breakdown of H3 andrbldh “writing traits” into their respective
LIWC categories and well-being. H5 and H6 are lilksenexpanded to assess personality and
the related LIWC categories (Table 6.4). Considgvirell-being and writing traits, only H3c is
confirmed, namely there is a relationship betwdwn of well-being and optimism. Those who
are flourishing will accurately portray their praowity to feel optimistic in their writing,
though nothing else, where those who have lowertiemal well-being seem to self-represent
their traditionally negative views outside of thEacebook information.
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Table 6.3: Summary: Hypotheses on the relationships betweppihass and LIWC categories

p P V==
H3 When well-being scores are high, more positive writing is used - - B
H3a When well-being scores are high, more (written) positive emotion is used .102 .088 -
H3b When well-being scores are high, more positive feelings are used .030 612 -~
H3c When well-being scores are high, more optimism is used 144% 015 v
H4 When well-being scores are low, and negative writing traits - - -
H4a  When well-being scores are low, more (written) negative emotion is used .016 7185 -
H4b  When well-being scores are low, more anxiety is used -.035 557 =
H4c  When well-being scores are low, more anger is used .029 625 o
H4d When well-being scores are low, more sadness is used -.025 682 -

Personality and writing traits have likewise ongngficant relationship, neurotic personality
types and expressed anxiety on Facebook (Table®w} indicates that self-representation is
likely to be higher with those who self-identify agtraverts, whereas neurotic personality
types do leave some digital indicators of theiispaality.
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Table 6.4: Hypotheses on the relationships between persoraliyl IWC categories

p P V=l

H5 When extraversion scores are high, more positive writing is used - - -

H5a When extraversion scores are high, more (written) positive emotion is used -.019 .751 =

H5b  When extraversion scores are high, more positive feelings are used -.031 598 -

H5¢  When extraversion scores are high, more optimism is used -016 .795 =

Hé6 When neuroticism is high, more negative writing is used - - x

H6a When neuroticism is high, more (written) negative emotion is used .069 402 -
H6b When neuroticism is high, more anxiety is used 120%  .043 v
H6c When neuroticism is high, more anger is used .061 307 =
H6d When neuroticism is high, more sadness is used .050 398 -

As H1 and H2 are confirmed, whereas only H3c and && confirmed of the remaining 18, it

indicates that workers have (either on purposaadivertently) systematically self-represented
themselves on Facebook. When statistically comiglifor deceptive profiles, the weak

significances of H4b and H5c disappear. This cdaglch confirmation that deception and self-
representation are conceptually different, suppgrthe framework of (Hogan, 2010). Having

identified that the data is reliable, it is clehattrelationships between personality, well-being
and text are undermined by the online medium. Tieigessitates controlling for participant-

induced bias in research designs where the veratigelf-produced texts is necessary for
interpretation.

Workers generally communicate their positive emmimore frequently (an average of 4.25%
of all text), where negative emotions in Faceboakleardly communicated (1.2% of all data),
regardless of Five Factor personality type andnie Wwith the results of (Qiu et al. 2012). As
60% more words of the LIWC dictionary are assodatgth negative sentiment, the social
posturing aspects are clear. This chapter idestffiesplays of positive emotion” and “hiding
negative emotion” as forms of a self-representab@s. This could also be a contributing
factor to the findings of (Kramer, Guillory, and mtack 2014).

The analysis also considered expressed confidenaengeasure of self-representation. This is
measured by the mean frequency in usage of firdopesingular and third person plural;
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where people that are more confident use “I” wdeds than “We” words (Pennebaker, Mehl,
and Niederhoffer 2003). Here the demographic grespablished in the survey are tested with
an ANOVA (Figure 6.3) and found a significant diface in gender (Gendé&i(2,279) =
11.893,p < .0005; Wilks'A = .921; partial)® = .079). The findings cannot reject a difference
between third person plural between men and workést (Person Plural (Wdj(1,280) =
.643,p = .423; partial® = .002), whereas first person singular has a figmit difference in
gendered usage (First Person SingularF(),280) = 23.405p < .0005; partialh?®= .077).
There was homogeneity of variance-covariance nesyias assessed by Box's test of equality
of covariance matricep & .002). This supports emerging findifigthat women express less
confidence than men do, and thereby does not suppert self-representation specific to
online social networks. This is an interesting iimyl because whereas there are no gender
differences found in the rejected hypotheses irnitiga self-representation, males are
significantly more likely to truthfully present tineconfidence in their online personas. Based
on the findings of (Das and Kramer 2013), that reelf-censor more, this is an unexpected
finding. There is no relationship between deceppnafiles and confidence.

m Male, |

u Male, We
®mFemale, |

® Female, We

Percent of text containing | and We terms

80 60 40 20 0 20 40 60 80

Percentage of Sample Population

Figure 6.3: Gendered usage of confident statements on Facedobiles

In a response tRQ 2.4, self-representation is present and identifialddecontours are evident
in self-produced text. Specifically the maskingpefrsonality and well-being, as well as the
masking of negative emotion are indicative of seffresentation RQ 2.3. Deceptive

39 http://www.theatlantic.com/features/archive/2014#0d-confidence-gap/359815/
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tendencies in self-produced text are also idebtdiaand deception is conceptually different
from self-representation in online social networks.

6.3.2 Personality as a Tool for Mitigating Self-represetion

Workers responses to the Five Factor model and HuRilaurishing items proved to be
indicative of self-representation when comparethér self-produced text. Applying the data
mining technique referred to in Section 6.2.1 (Higuws 6.4-6.9), 136 variab/®sof survey
responses and sentiment categories on each ofvithgdrsonality traits of the Five Factor
model (John, Donahue, and Kentle 1991) are regitessing the created ‘deception’ variable
as a control element. The approach creates mexmodel fits averaging 74.6% accuracy as
presented in Table 6.5, without overt signs of fitterg. The multivariate models are
statistically significant for each personality travith some overlap of the variables predicting
the traits. Considering sizeable correlations betwpredictor groups, the unique variance
explained by each of the variables indexed by tluaied semipartial correlations is low. In no
case is Cook’s Distance larger than one; outlieesewaccordingly handled within the data
rather than trimmed. The coming section is a stmtussion of the predictors of each trait,
with predictors grouped by measurement instruméen tlisted by weight. In order to
constrain the number of variables, the ten itertrengiest relationships’ significant at the (p <
.001) level per trait are reported.

Table 6.5: Prediction accuracy per model on Five Factor Pal#tgriraits, boosted (10
component models) using best-subsets

Trait Name Reference Ensemble g
Model
Openness 78.5 77.3 1.2
Conscientiousness 69.4 64.3 51
Extraversion 77.8 69.5 8.3
Agreeableness 71.4 71.0 0.4
Neuroticism 75.9 68.9 7.0
Average 74.6 70.2 4.4

Opennesdhas the highest prediction accuracy of 78.5%,iaralvery stable prediction given
the low difference indicates that the predictiomdkatively stable. Highly significant are the
survey categories meaning [HF 4], self-esteem [Hlel®gagement [HF3], competence [HF 1],

“0 Punctuation and the corresponding Big Five traits excluded from this regression. A component
table is available in Appendix 2.
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optimism [HF 5], positive emotion [HF 6], and résstilce [HF 9]; the country of origin of the
worker; and the LIWC sentiment category Feelings.

With the lowest prediction accuracy (69.4%) and adimm model difference (5.1%),
Conscientiousnesmust be considered less reliable. The LIWC semtimategories, Friends,
Down, and Fillers; survey responses ‘a profile ymetthat is not obviously me’ [SM11F],
number of friends [SM3], ‘| understand quickly h@thers perceive me’ [SM 14A], assent to
‘People should present themselves on online soe@lorks as the same person as they are
offline’ [SM 8], and using Facebook to give and g&ormation [SM 9K], and the survey
measurement resilience [HF 9] and positive relatips [HF 7] are the most relevant
predictors.

Extraversionwith 77.8% accuracy and the largest differenc8.8%6 is related to the survey
items competence [HF 1], self-esteem [HF9], meaijlil§ 4], optimism [HF 5], positive

emotion [HF 6], vitality [HF 10], and resilience H9]; country of origin; and the survey
responses ‘I understand quickly how | am perceilsgdothers’ [SM 14A] and managing
Facebook profiles with displays of albums [SM 11G].

Agreeablenessas the lowest deviation (0.4%) and an accuracy104%, indicating high
reliability. Highly significant are the survey itenresilience [HF 8], meaning [HF 4], self-
esteem [9], and competence [HF 1]; country of arighe sentiment categories Friends,
Inhibition, Feelings, and Assent; and declinatibf oan be who or what | want on my Profile
page’ [SM 14D].

Neuroticism has a high deviation between models (7%), but @ goerformance (75.9 %
accuracy). As established in Section 4.2.1 it ipdmnative that neuroticism have high
prediction accuracy, as it is the trait with thegh@st predictor weight in well-being
assessment. The most significant survey items esdience [HF 8], self-esteem [HF 9],
emotional stability [HF 2], vitality [HF 10], andptimism [HF 5]; using Facebook to spy on
others [SM 9D], managing presentation of self wiihtures not of them [SM 11F], using
Facebook to observe other people [SM 9F], and dikindeos on Facebook [SM 5].
Additionally, the LIWC sentiment category Feelingsighly significant.

As the use of text, and not survey items, wouldhigeonly available data ‘in the wild,” only on
data that would be available from Facebook protitedefine the relationships between LIWC
and the personality is assessed. The sub analysigssthat topical discussions have high
prediction value for the Five Factor model (Tablé)6Highly significant for openness are the
sentiment categories Sports, Religion, Feelingssi8jFillers, and TV, where Sports, Music,
Fillers and TV have a positive association withropess; Feelings has a negative association;
and Religion has an inverted U-shaped relationgfiip very low and high openness scores
have a positive association, but mid-range havingegative association. Conscientiousness
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displays that Religion, Friends, TV, Inhibition,daMusic are positively related, and Fillers is
negatively related. Extraversion is positively teth to Inhibition and TV, and negatively
related to Friends, Sports, and Down. Agreeabléreghly significant sentiment categories
are negative relationships with Inhibition and Deand a positive relationship with Friends.
The final trait, neuroticism finds Religion, Friendr'V, Inhibition, and Music being positively
related and Fillers being negatively related.

Table 6.6: Five Factor Model mapped to positive and negatationships of LIWC sentiment
categories with high predictor strength (p < .001)

Openness Conscientiousness Extraversion Agreeableness Neuroticism

+ - + - + - + - + -
Sports Feelings| Religion Fillers | Inhibition Friends| Friends Inhibition | Religion Fillers
Religion Religion| Friends TV Sportg Death Friends
Music TV Down TV
Fillers Inhibition Inhibition

TV Music Music

While surprising at first glance, when the mediufrdata is considered the findings are less
surprising. Facebook is a medium to exchange nemsideas, and while more reflective in
nature and practice than Twitter (Dodds et al. 2014 still essentially used as a short
information service to connect people (Hampton let2811; R. E. Wilson, Gosling, and
Graham 2012). Several sentiment categories domih&taesults; specifically inhibition is
very common, suggesting that workers (consciouslyat) are in fact utilizing vocabulary of
inhibition on their Facebook profiles. This coulel further indicative of self-representation.

Thus established, researchers may now use thetsengato identify personality without the
need for costly, traditional survey methods. Uitiiza similar method as employed to define
deception as in the Analysis section can revealtdhdency of the profile, thus allowing the
researcher to build a single variable from whicleteate a dummy. Said dummy can be used
as a control factor in the analysis of online sopiedia data. In short, mitigation of self-
representation allows for mitigated researcher indke translation from the way that people
think and behave to their digital traces of thosglrid behaviors.

6.7 Discussion and Limitations

The key findings of this work are that self-reprgsgion in online social media is an
identifiable phenomenon, that self-representatiam loe isolated, and a number of indicators
can be used to do s®Q 2.4). Personality in particular can be used a suppgriactor in
mitigating self-representation, further supportitg importance to TSR frameworks and
applications. Identifying self-representation cimttes a method for social researchers to
verify psychometric baselines of subjects by mitiga the effects of socially responding
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personas in online social media data. Moreovegpins an interesting discussion on the
impact of self-representation on social media a®dy both from the perspective of the
researcher validating social models, and the stiljeasidering their intention of such
behaviors. The text samples were generated in askésh did not induce measurement errors
in accordance with (Gonzalez-Bailon et al. 2014fhRuand Pfeffer 2014). Whilst profiles
indicative of deception are identified in the tbssed sample, the control measures noted
above mitigated this. Profiles indicative of dett@mpare isolated, and used as a control item.

Self-representation was identified in a numbernalidators RQ 2.4). While the survey-only
results show a replication of literature, the syri@ text results cannot replicate the findings
that extraversion is a predictor of well-being, arediroticism has a negative relationship with
well-being. Positive affectivity and withdrawn néiga emotions are identifiable across all
workers’ profiles. One value contribution is thading that withdrawn negative affect is a
particularly indicative of self-representation. Fhfurther supports the use of a multi-
dimensional sentiment analysis rather than a famuspositive and negative emotion for
assessing communal well-beif@@ 1.1). Confidence can be identified and follows expécte
patterns across genders. Male participants appege aonfident in their written profiles than
females. As this is a finding in emergent literajuthis cannot be understood as an overt
measure of self-representation.

Given the highly clustered, trivial nature of thentment-based predictors, a tempting
statement is that the data is not appropriate Hertask. However, discernable patterns are
present. Especially the strength of inhibition duif of five of the Five Factor model suggests
that the participants display reticence about shgwiheir actual personalities in their
Facebook profiles. Moreover, given the platforng tbpics discussed are a reasonable (albeit,
surprising) output. The topical basis of the otpezdictors conceptual themes of workers’
discussions, and neatly creates psychologicallpsofihat links online and offline personality.
In future TSR applications, stakeholders and reseas are able to control for these categories
and their positive or negative relationships inadpteparation or as a control factor in the
calculation, e.g., as a dummy variable in regressiodels.

This study is not without fault. Firstly, the apgali method is an estimation and not a revealed
method, as is more common to the Social Observatbhys leaves room for errors. A
limitation is the sample size, which disallows kErgtatements about subgroups as the non-
English samples are too small for meaningful diatis Another drawback is that the results
are tailored to Facebook — the findings of thislgtare unlikely to generalize to professional
networking, microblogs, or visual media sites. AoWm issue of Natural Language Processing
is that the state of the art tools are unable fmaloly handle sarcasm and irony (Tsur and
Rappoport 2010), which has unknown effects acrbsdlitespan of a Facebook timeline. A
concluding remark on limitations is related to pgy. While the study obtained informed
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consent of its workers, the open question remdimgikers truly understood the amount of
information that was being given in the HIT.

6.8 Summary and Implications

The stated aims of this chapter are twofold: esthinlg the relationship between offline and
online personalities, and mitigating of biases imveys and in publically sourced data. In
accomplishing these goals, this thesis createsargly applicable method in support of the
Social Observatory and its stated aim to unobtalgianalyze social phenomena like well-
being or other social indicatorRQ 2.4). Such a method is impactful in both researchasen
and commercial domains, in that it allows the studsigner to approximate participant
baselines without highly intrusive mechanisms. lsyatematic manner, this research detailed
the experimental design, data collection, and amlyCommon method biases are addressed
and appropriately eliminated when identified. Thetmod allows for replication by careful
detailing of the steps and processing of data.

A strength of this chapter is its consideration apglication of the findings from recent cyber
psychology literature to identify and isolate e8thied elements of well-being and
personality. A major contribution is addressing Imoet biases in the harvesting and analysis of
social media data. This research utilizes the eli@ta stream per profile, mitigating first order
bias. With personality and well-being validatedd am sentiment analysis performed on the
lifespan of a user’'s Facebook timeline, the proppgernsf a user to portray themselves in
opposition to their truthful, psychological baseliis revealed. It also hames common markers
of the phenomena of self-representation based omplsi sentiment categories and
psychometrics that allows researchers to mitigateffects in future TSR applications.

Natural extensions of this research are closekelinto its limitations. Cross-platform analysis
of the same user for their various public profiesuld give future work a more nuanced view
in the ways that social media users self-repreisedifference audiences. Such a work would
fill research gaps in ‘best’ platform usage foroimhation disbursement, creation, and
influence, as well as network impact. A networklgsia with a textured understanding of how
users cluster and complement within a network wiaelé good area of future research.

Researchers can apply this method to their analggmiblically sourced data in order to
mitigate the effects of various phenomena, inclgdimolling, social desirability, and
acquiescent behaviors (e.g., the spiral of siler8egh an approach has diverse applications in
that it allows for a new, accurate measuremenesystom which to deduce from publically
accessible text onto the general population. Wigf-representation identified, a valid
measurement of psychometrics without necessitatipgnsive survey methods is created.
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Chapter VII  Applied Institutional Well-being: A
Case Study on KIT

“The care of human life and happiness, and nottthestruction, is the first and only legitimate
object of good government.”

Thomas Jefferson (1809)

he dividing line between offline and online comntigs is increasingly intertwined.

Cases where physical presence was assumed toobenzoft asset are becoming less

common. The clearest example is the ‘brick and ambrof the world’s top
universities slowly transitioning to MOOCSs. Suckransition impacts innumerable processes,
giving unprecedented space to innovate and impi©we. such area prime for improvement is
institutional quality and satisfaction rankingsuetiversities. Current metrics share the same
characteristics, namely that they are externallgitad, time-lagged macro-assessments,
requiring little to no participation from stakeheld. These problems mean that current
rankings leave a lot to be desired in terms ofdpanency, engagement, and time-sensitive
integration. Current ranking efforts are deficiefa. succinctly put by the European University
Association’s working group on university rankingstheir report ‘Rankings in Institutional
Strategies and Processes':

“Ultimately, to overcome problems associated witippropriate indicators used by
rankings, should there be an international commatasket on higher education which
would facilitate greater and more meaningful congtality? As challenging as it may
be to find consensus on such a dataset, it mightvdmth exploring the possibility
(Hazelkorn, Loukkola, and Zhang 2014, 50).”

The urgency and merit of this assessment is dubetgublic nature of university rankings:
students as well as public funding bodies take wbtsuch information, and can take make
decisions on enrollment, transferring, and gralacation based on it (Hazelkorn, Loukkola,
and Zhang 2014). Especially considering the petsmeof university stakeholders, a novel
approach to rank the performance of universitiesuldiobe to assess the university
community’s subjective opinion(s) of its campus dtsl programs, aggregating based on
quality and selected social indicators like comnhumell-being. In terms of TSR, such a
platform would establish a more granular and semesieedback system for stakeholders (i.e.,
university administration, students, facultiespgsess and respond to university performance.
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In response to this a Social Observatory is emplagefind, analyze, and report socially-

sourced indicators on university quality and satgbn. This is well in-line with the proposed

TSR framework of Chapter 3: needed is a system ithabnscious of the person, and the
environment that person exists in, to evaluate @vehtually raise) well-being overall. The

Social Observatory procured data from popularlydysgblic Facebook pages surrounding the
Karlsruhe Institute of Technology (KIT), for a totlat is near to real time and sensitive to
concerns of both privacy and the desire to padieipin decision making. The Social

Observatory focuses specifically on the extractod analysis of well-being as an alt-metric,
in line with efforts to consider stakeholder wedliog in policy and service applications (see
Chapter 2.2.1 for an overview of current well-beindices and Chapter 3 for TSR).

Considering fast-paced online communities them@ignstitutional interest in knowing if, and
which, events have significant effects on the way ¢community interacts and expresses itself
(online), and if there are sentiment changes owegdr time periods. These are isolated and
extracted as measures of communal happiness dsfhstivn. This chapter is the extension of
the work in progress paper (Lindner et al. 20153)ictv presented a subset of the data analysis
as a proof of concept work at the ACM CHI confeerBection 7.1 justifies the design made
in the implementation choices and gives the deeeipattributes of the KIT Facebook
network. Section 7.2 reviews the macro, meso arcomattributes of communal discourse
across the KIT Facebook network. Section 7.3 dsesisind contextualizes the findings, and
Section 7.4 addresses limitations and concludesttapter.

7.1 Study Design and Approach

To address research questions several steps maididitaken. The data must be prepped, the
sentiment scores established, and then the sentiseares must be audited for self-
presentation. Only then is the data sufficientlggared for the assessment of communal well-
being. The coming sections address and discusdetsign aspects behind TSR requirements
for a Social Observatory based on Facebook data.

7.2 Macro, Meso, and Micro Granularities of BeWell@KIT

The first assumption to be addressed it the udeaoébook as opposed to Twitter. The KIT
study database features an average text lengtB.®6 3mainly German, words. If the average
German word length is estimated as*5tffis would exclude 33.57 characters of the average
message or otherwise force unnatural brevity orapgr spellings. The fraction of posts and
comments in this procured dataset containing mioas tL60 letters (28 words on average)
represents 80.1% of the corpus, reflecting 39.86%l comments and posts being longer than

“L http://www.duden.de/sprachwissen/sprachratgebetidohnittliche-laenge-eines-deutschen-wortes.

Last Accessed: 10 March 2015.
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Twitter's restriction. Using Twitter would certajnlresult in drastically shorter text
submissions and consequently in a loss of more komted, reflective statements. There is an
additional restriction of Twitter that lends an aokvn bias, namely that Twitter grants
between 1-10% of the data available from the fiesfjuest date in a given query (Gonzalez-
Bailon et al. 2014; Ruths and Pfeffer 2014; Rus2@1l3), compared to the full Timeline of the
Facebook extraction. Most importantly, the choi€platform should consider the prevalence
of the specific use case on the various networs KIFT, Facebook usage outranked all other
Social Media in this area for both university-gerted and student-generated content, which is
in line with the fact that Facebook has an 82% miarkach of Germany, whereas Twitter has
approximately 2094

In order to gain a more granular understandingost the KIT relates and interacts within its
online community, the baseline of discourse anghla¢motive value must be established. This
created the design choice of focusing on the y2aid-2014; while some pages were open
longer than this, all pages included in the studgrevopen from 2011 onwards (though
sometimes inactive). Four granularities are ingasdd: post-comments splits, page group
splits, administration-faculty splits, and indivadyposts and comments. The details of how the
page splits are made are addressed in the chapterebthe corresponding analysis is
introduced. From this baseline it is possible te sénat, if any, spikes and dips appear.
Estimation the reasons for these spikes and dipseither be either temporal (event-based),
well-being related (psychometrics) or both. Accogly this chapter describes the KIT
Facebook community, establishing the attributesctvhiake up the communal discourse.
From this point, the data is inspected for sentirb@sed irregularities that could signify major
community events (emotional or otherwise).

7.2.1 Macro Attributes of the KIT Facebook Network

The raw data from the database is first filteresellaon based on post type, then aggregated to
represent groups of the university (discussed imengetail in Section 7.2.2), run through
LIWC and finally mapped and assessed. All dataoisnalized per granularity assessment to
assure common baselines. From a corpus of 2,032y8&3s, 1,806,232 were from posts and
226,091 were from comments. The social graph whsilteby weighting resources on an
interaction basis (Figure 7.1). This graph reflatitect interactions considering activity on a
page such as posting, liking, tagging or sharinged commenting on content. Per contra,
indirect relationships are generated when commard tparties execute actions on both
Facebook pages’ timelines or, vice versa, a thirdyghas an activity appear on its timeline by
both pages. The resulting graph depicts the relatontribution of each page to the total data
magnitude by sizing the nodes accordingly. Simitathe graph discussed in Section 5.4,
positioning near to the center indicates that tgeps well integrated into the community as a

2 http://www.statista.com/statistics/280176/pendaratate-of-social-media-sites-in-germany/.  Last

Accessed: 10 March 2015.
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whole, whereas pages far on the outside have Isvactions with other pages and audience
members (e.g. KIT Career Service). Furthermoregdtgkness indicates stronger network
ties based on the observed interaction frequeniog.rmain KIT page acts as the central node
in this graph. Figure 7.1 shows the most highlyghtad edges, meaning that a node in the
figure has a high centrality, or relationship, witte main page of KIT. The most central
faculties are Economics & Industrial Engineeringynfputer Science and Mechanical &
Chemical Engineering. Regarding social aspects,'sK@erman and English pages of the
Germany-wide ‘Spotted’ dating pages are also styohgked and quite central to the KIT
Facebook network.

Table 7.1 gives further descriptive attributes o tdataset. In line with Chapter 5, likes far
outnumber posts and comments, and posts outnundrements. That posts outnumber
comments in this use case is a surprising charstiteas most official pages only permit
administrators to post on the timeline; constitysaticipation is restricted to commenting on
those posts.

Table 7.1. Sum of values of all pages in KIT Facebook netwamksidering possible
interactions of the pages and audiences

Page Status Wall Likes on Resources Resources
. Comments .
Likes Updates Posts Posts Posted Liked
101,772 26,259 4,284 16,079 179,721 8,817 45,241

Self-representation, as defined as the misreprasemtof self on online social media in
Section 6.3.1, represents the last data preparsatémof the KIT Facebook database. Section
6.3 suggests isolating the LIWC correlates of thestp and comment’'s Five Factory
Personality tendencies to identify self-represémtatin order to assess if pages can be
identified as applying self-representation, post$ @mments that are over two SDs outside of
the respected LIWC category are identified (a simprocess to identifying deception in
online social media from Chapter 6.3.1). Considgthre outer boundaries of two SDs outside
of the mean, no pages’ posts or comments were ifidehtas displaying the profiles of
Openness, Conscientiousness, or Agreeablenesspolte of the Library were identified as
displaying possible Extraversion traits, and thetpf the KIT Music page was identified to
display possible Neuroticism traits (Table 7.2)eTposts are identified as tending towards
showing self-representation but not fully indicatief self-representation for two reasons:
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1) Each page is a majority but not 100% match to th& tharacteristics defined in
Chapter 6.3.1.
2) This method is an estimation method and not a tegeaethod.

The previous points require that the data of thesges be put to consideration but not that it
be extracted from the dataset. These posting graugsherefore treated to control elements
(verification via dummy testing) in order to verifigat the analyses are valid and reliable, as
well as similar to the actual posters in intenteflare included in all future analyses.

Table 7.2. Relationships of LIWC sentiment categories withhhyigedictor strength (p <
.001) of self-representation where green signdiesve the second SD and red
signifies below the second SD

Extraversion (Library) Neuroticism (Music)

Positive Negative Positive Negative

LIWC | 2nd | Page | LIwC | 2nd | Page | LIwC | 2nd | Page | LIwC | 2nd | Page
Name | SD | Value | Name | SD | Value | Name | SD | Value | Name | SD | Value

Inhib-
ition
TV 0.43 0.04 | Sports 0.00 0.04 Friend

Friend 0.08 0.05 Rel. Fillers 0.00 0.00

Down 0.05 0.04 TV
Inhib-

L 0.41 0.10
ition

Music

KIT's communal discourse has a cyclic pattern tinatches recurring semester cycles: The
start of semester, mid-semester, exam weeks anessemholidays. The intensity of
interactions also follows this pattern closelyapproximately 66% of interaction occurs inside
of the semester (Table 7.3). It must be notedabahis study ranges from 2011-2014 the exact
start and end dates of semesters are approximgttaking the mean of the official semester
calendar.

Table 7.3. Semester cycles of the KIT Facebook network

Semester Intervals at KIT

Start of Semester:

%WC: 16% Winter: 10/7-10/31 Summer: 04/07-04/31
Mid-Semester:

%WC: 50% Winter: 11/01-01/24 Summer: 05/01-07/09
Exam Weeks:

%WC: 18% Winter: 01/25-03/13 Summer: 07/10-08/14
Holidays:

%WC: 16% Wintar56)3/14-04/06 Summer: 08/15-10/06

WC% : Percentage of Total Word Count
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7.2.2 A Meso-assessment of KIT’'s Discourse Baseline

A group representation is the creation of supraygsobased on commonalities (e.g.,
administrators and students, faculties, studentggpused to assess the KIT community as a
more realistic replication. Regarding group pantitng, two approaches are executed. First, all
the 140 available pages are assigned to one chd® ategories in order to facilitate analyses
of the university’'s Facebook community. The namaifgthe groups is guided by the KIT
website where possible to assure a realistic assegsn reconstructing discourse. In the case
of KIT affiliated but not KIT sponsored groups, th®st general common name is used. The
names of the groups are KIT (official presencepraiy, Schools, Departments and Institutes,
Student Clubs, University Clubs, Sports Teams, vation and Development, Politics, Career,
Music, and Social. An overview of this subdivisialpng with the names of all available
pages, is available in Appendix V. It must be nateat during the course of the study five
pages closed and were duly excluded from the aisalyages with less than 50 words over the
four years of assessment are likewise excludedg@blished in Chapter 6). These groups can
be then further assessed considering if they ardyuadministrators or students. Splitting the
data into these subgroups aims to reproduce amadecpicture of the community, by taking
interactions and communal diversities within intc@unt. At the same time it reflects an
opportunity to extend the partitioning types disadin the preceding paragraph.

A nearest neighbors calculation based on Euclid#iatance over 64 LIWC categories is
performed, similar to Chapter 5; Equation 5.1. T@sapter likewise measures k=5 neighbors
for each of the 95,040 possible segment combinatjoandy), the squared difference scores
of the identical LIWC category are added over adBdensional plane. The measure of
distance results when taking the square root sfgbm. Higher distance scores reflect higher
dissimilarity of two page categories. The resuftthe nearest neighbors analysis are available
in Appendix VI. The absolute range of the 24 segsé highly clustered (10.39 — 11.22),
indicating that some elements of hubness may @it due to the high dimensionality of the
data (Radovanovic, Nanopoulos, and Ivanovic 20d0yvever, some distinct patterns are still
revealed. The most immediate revelation is thatments are quite diverse in comparison to
posts. Posts tend to be most similar to other postaly three cases do posts have comments
as one of their nearest neighbors. The most noeldeption here is for the posts of Social
pages, which tend to be more similar to commerttés Tould be a reflection of the fact that
Social pages tend to be managed by students anohivetrsity administrators. The same is not
true for comments, which average between 2-3 pastdh neighbors. Music-related Facebook
pages are the only case where the post-commenticatan is placed at k=1.The next
instance where a posts-comment combination ovddawithin the Faculties, where k=4.
Interestingly, this approach replicates the mapptataction graph well (Figure 7.1); the most
similar categories also make up the more interactidividual pages of the Facebook network.
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The KIT network expresses itself as very inclugivéd is interesting to note that the use of
exclusion, while minimal, spikes in comments angsdin posts (Figure 7.2). Music posts and
comments have an observable dip in the use of hadgating that these pages’ discourse
tends to be outside of including or excluding andas. An observation of the data found that
the Music pages tend to be more informative, datilag statements. This discrepancy in usage
could be due to this aspect. It could also be pr@f self-representation as discussed earlier.

Career Services comments
University Clubs posts 6 Career Services posts

University Clubs comments Departments and Institutes comments

Student Clubs posts Departments and Institutes posts

Student Clubs comments Innovation and Development comments

Sports Teams posts Innovation and Development posts

Sports Teams comments KIT Official comments

Social posts KIT Official posts

Social comments Library comments

Schools posts Library posts

Schools comments Music comments

Politics posts Music posts
Politics comments

e==[nclusion e===Exclusion

Figure 7.2 Comparative view of inclusive and exclusive spe@dsts and comments

Whereas posts are more inclusive than commentsmeorts are more social than posts

(Figure 7.3). In almost all cases, comments spikesdcial aspects of discourse and posts dip.
An exception is the Social posts, where the pdstsvshigher usage of social discourse than
the comments. The usage of “Friends” is almost exiatent in this dataset, likely due to the

public (as opposed to personal) nature of the kKd@elbook network.
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Career Services comments
University Clubs posts 12 Career Services posts
University Clubs comments Departments and Institutes comments
10
Student Clubs posts Departments and Institutes posts
8
Student Clubs comments 6 Innovation and Development comments
4
Sports Teams posts Innovation and Development posts
2
Sports Teams comments KIT Official comments
Social posts KIT Official posts
Social comments Library comments
Schools posts Library posts
Schools comments Music comments
Politics posts Music posts
Politics comments
e\ em—Social Other reference ———Friends

Figure 7.3 Comparative view of social speech, posts and cortsnen

Closely related are the concepts of social belgmgss and social status. A strongly
hierarchical community will display high levels sthtus differences, and would likely express
low levels of belongingness. As discussed in Seci@.3, communal belongingness has been
defined as high usage of the categories We, Sauial,Inclusion (Figure 7.4). It can be seen
that with the exception of the Music comments, Wttial and Inclusion are relatively high
across the community. Here it should be remembinatcthe Music pages tended to represent
themselves neurotically. First person plural ocdess frequently, meaning that it cannot be
taken for granted that the community is a fully esiie one.

The categories Social Process and Others disptagirk@able similarities. This is likely due to
the similarities of the subjects in the LIWC dictavies. It is however encouraging seeing that
these otherwise similar categories retain theitriligtions across the posts and comments,
indicating consistency in the data.
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Career Services comments
University Clubs posts 12 Career Services posts

University Clubs comments Departments and Institutes comments

Student Clubs posts Departments and Institutes posts

Student Clubs comments Innovation and Development comments

Sports Teams posts Innovation and Development posts

Sports Teams comments

KIT Official comments

Social posts KIT Official posts

Social comments Library comments

Schools posts Library posts
Schools comments Music comments
Politics posts Music posts

Politics comments

e We e Social Inclusion

Figure 7.4 Comparative view of communal belongingness, pastiscamments

Social status paints a more direct picture (FiguBg. Social status is estimated by comparing
the frequency of references to others to the frequeof references to self and tentative

language. Here it is easy to see that other refeseaccur with a frequency between 2 and 3
times higher than references to self. As tentdtimguage is also low, it can be stated that the

KIT Facebook network does not function as a sttuegarchy.
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Career Services comments
University Clubs posts 12 Career Services posts
University Clubs comments Departments and Institutes comments
10
Student Clubs posts Departments and Institutes posts
8
Student Clubs comments 6 Innovation and Development comments
4
Sports Teams posts Innovation and Development posts
5
Sports Teams comments KIT Official comments
Social posts KIT Official posts
Social comments Library comments
Schools posts Library posts
Schools comments Music comments
Politics posts Music posts
Politics comments
e Self e Tentative Others

Figure 7.5 Comparative view of social status, posts and contgnen

The network is also present-focused, which canruerstood as a facet of verbal immediacy
(Figure 7.6) (Pennebaker, Mehl, and Niederhofféed3}0This indicates that the discourse on
Facebook could tend towards informality. Unfortwhat due to the limitations of the existing
dictionary, it is not possible to compare that agstion to the use of formal versus informal
person usage (i.e., using the German ‘Sie’ or ‘Dimflormality is then estimated by following
the findings of (Pennebaker and King 1999), whogssg that elevated use of first person
singular, present tense verbs, short words, diao@pwords, and the non-use of articles is a
marker of verbal immediacy. Verbal immediacy canubéerstood as a linguistic marker of
familiarity (Bazarova et al. 2012). From this metit is seen that the Social posts and
comments are quite informal as well as Student @oimments and posts by the Library
(Table 7.4). It is important to note that Librargsps are also suspected of engaging in self-
representation, and this result for that page grihgrefore should be read with caution.
However the scores hover at or below 0, indicatirag while the posts are present-focused,
this is unlikely to solely rely on the informalibf the discussions.
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Table 7.4. Post-comment groups sorted by verbal immediacyimetr

Category Administration or Student-run  Immediacy
Politics posts Student -5.93
Sports Teams posts Student -5.23
Music posts Administration -4.58
KIT Official posts Administration -3.75
Career Services posts Administration -3.47
Student Clubs posts Student -3.43
Schools posts Administration -3.27
Departments and Institutes posts Administration 932.
Innovation and Development posts Administration -2.29
University Clubs posts Student -1.95
Politics comments Student -1.7
Career Services comments Student -1
Music comments Administration -0.76
Sports Teams comments Student -0.47
Departments and Institutes comments Administration -0.25
Schools comments Administration -0.15
KIT Official comments Administration -0.02
University Clubs comments Student 0.29
Library comments Administration 0.45
Innovation and Development comments Administration 0.8
Library posts Administration 1.93
Social posts Student 2.51
Student Clubs comments Student 2.82
Social comments Student 2.87

Similarly to Chapter 5, the lack of Future tenseusprising (Figure 7.6). One could assume
that students and the administration use Facelmwalett others about upcoming events (e.g.,
sporting or musical events, parties) and opporlesife.g., scholarship deadlines from the
Schools and Departments), but this appears to tseeurThe only case where Future exceeds
Past is from Music Posts, but even here Presergxes®ds Future use.
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Music posts

KIT Official posts

Carcer Services posts

Student Clubs posts

KIT Official comments

Departments and Institutes comments Politics comments

Sports Teams comments Career Services comment

Figure 7.6 Comparative view of the use of tense in speechis@sl comments sorted by
the factor immediacy

When considering professional discussions (Figur@, fiot only the Career Service pages
have spikes in career related topics (a frequericg.28%), but also the Schools of the
university as well (6.61%). Quite unexpectedly, thaitically inclined groups have equal
references to career-related aspects to the Schebish is even higher than the Career
Services pages (6.37%) (though this is statistidallignificant). References to Jobs spike in
posts, indicating that the pages are attemptirgptmsor career opportunities. Several notable
patterns appear in the comments: for the Sportsramnts, Achievement and School are equal.
In the Political commentary, Job and Achievemert equal. And, the commentary on the
Library pages reference School, Jobs, and Achiememith equal frequency: which is to say,
infrequently in comparison to the rest of the @osd comment groups.
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Career Services comments
Career Services posts

University Clubs posts 7

University Clubs comments .

Student Clubs posts 5

Student Clubs comments

Sports Teams posts

Sports Teams comments

Social posts

Social comments

Schools posts

Schools comments

Case Study on IR

Departments and Institutes comments

Departments and Institutes posts

Innovation and Development comments
Innovation and Development posts
KIT Official comments
KIT Official posts

Library comments

Library posts

Music comments

Politics posts

Music posts

Politics comments

s OCCUPAtiON e School Job e Achievement

Figure 7.7 Comparative view of professional speech, postscantments

Comparing posts and comments reveals interestiffgreinces in the discourse baseline.
Positive Emotion (mean= 2.56, SD 2.13) is used nforgquently than Negative Emotion
(mean = 0.577, SD 0.667) in line with the findirajshe previous chapters and (Pennebaker,
Mehl, and Niederhoffer 2003). Results of an Indejeert Sample Mann-Whitney U test show
highly significant differences in the use of PagitEmotion U = 6,740,z = -4.520,p = .0005)
and Negative EmotionU = 7,530,z = -3.381,p = .0005), using an asymptotic sampling
distribution for U. Mann-Whitney U is the non-paratmic estimation of a One-Way ANOVA.
Figure 7.8 illustrates the mean differences in asagmments show a higher frequency of
more positive and negative emotional discourse.Wthese emotions are employed, they tend
to be employed in comments.

Comments Posts Comments Posts
25 25
N=140 N=140 N=140 N=140
g 207 Mean Rank=162.35 Mean Rank=118.65 203 567 Mean Rank=156.79 Mean Rank=124.21 uH
s -} (-]
% 154 - £ 3 I
£ 15 5 :E o
o107 MOl o
2 3 22 M3
§° R H
g o o 3 2o o3
571 =
T T T T T l T T T T T T T
500 400 300 200 100 00 100 200 300 400 500 800 600
Frequency Frequency Frequency Frequency

Figure 7.8 Results of a Mann-Whitney U test comparing usageasitive and Negative
Emotion
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Again, Net Affect is calculated by subtracting n@ga sentiment categories from positive
sentiment categories (see Section 5.5.3 for a ig¢iser of this). Compared to Chapter 5's
negative Net Affect across Facebook discourseKtienetwork is mesokurtic with a positive
skew (Figure 9.8a) and a reversed sigmoid disinbufFigure 7.9b), hovering at zero but with
a long positive tail.

100 Mean =235 2000
Std. Dev.=2742
N=280

Frequency
Value Net_Affect

v T T T U T T
-1000 -5.00 00 500 1000 1500 2000 el
Net Affect

Posts an d Comments (n=240), KIT Facebook Network

Figure 7.9 Net Affect, displaying skewedness and (a) Kurtasid (b) Distribution

That KIT's Net Affect tends to hover around zergniiies few pages employing extreme

emotion. The absolute range is -8.0 from the OSKautics Students Karlsruhe e.V comments
to a positive 15.38 from the comments of the logtiof Regional Science. Comments tend to
make up both ends of the tails, and posts are gbupthe middle of the distribution (the zero

range). This supports the results of the Mann-VWyittJ tests that comments are move
emotive than posts.

Visualizing Net Affect as a relationship graph hadling features. Figure 7.10 is the
relationship graph of KIT’s expressed well-beinigpwing the weightiest edges. The posts of
the KIT main page’s posts maintain a fairly centpaisition that is interestingly neither
connected to posts by the Schools of KIT, nor @swments. Density in relationship to KIT
posts is rather by similar well-being expressioofifgs with Career, Politics, Innovation and
Development, and University Clubs. The KIT main @agomments are situated near
comments on Politics, Schools, University Clubs podts on Sports groups. A small cluster
between the comments of Career, Student Clubsyatiom and Development, and Sports is
also visable. This is a likely indication that tb@mmenters of these pages have overlapping
interlocutors. Interesting is the lack of connetyiwith the Social comments and Music
comments. While Music comments shares a similafileravith Music posts, the Social
comments are completely isolated from the netwérkisual inspection of the data reveals
that while Social comments do not have the mosteene¢ distances, the distances between
these comments and other is consistently higherahather pairings.
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1:Arbeitskreise comments
2:Fachschaften comments
3:Hochschuigruppen comments

4:Hochschulpolitik comments

B:Institute, Fachbereiche comments
7:Karriere, Berufseinstieg comments
8:KIT aligemein commennts

9:Musik comments

10:Rund um die Bibliothek comments
11:Social comments

12:Uni Sport, Sportgruppen comments
13:Arbeitskreise posts
14:Fachschaften posts
15:Hochschulgruppen posts
18:Hochschulpolitik posts

n, X g posts
18:Institute, Fachbereiche posts

19:Karnere, Berufseinstieg posts

20:KIT aligemein posts

21:Musik posts

22:Rund um die Bibliothek posts

23:Social posts

24:Uni Sport, Sportgruppen posts

Figure 7.10KIT’s well-being relationship graph

Agreement level is also an interesting characteridtuniversity discourse. There is a highly
significant different in the way that Asseht € 6,691,z = -4.688,p = .005) and NegationJ=
7,366,z = -3.611,p = .005) are used according to an asymptotic sagmlistribution Mann-
Whitney U Test (Figure 7.11).
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Figure 7.11Results of a Mann-Whitney U test comparing usaglssent and Negation

Comments are reactive to posts. The frequency ghtitans is highest in comments; Assent is
likewise more frequently expressed in commentss Tihding is reflective of comments being

likely to discuss the topics mentioned in the pding post. When this is considered alongside
with the tendency of comments to use more cogmytiegpressive and emotive discourse in
their responses (Figure 7.12), it can be understbatl although this tendency should be
expected in most communities, the size of this igdfrates that the university’s constituents
visit the pages to seek and engage in lively dsions. Comments display significantly higher
cognitive complexity than postbl (= 5,831.5z=-5.861,p = .005).
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Figure 7.12Results of a Mann-Whitney U test comparing cogeitemplexity

Linguistic Accommodation

Linguistic accommodation signals high degrees obagement between and amongst
discourse participants (Niederhoffer and Penneb2862). The indication that comments are

reactive to posts existing in the Facebook comnaiiun is a positive finding, suggesting that

community members are quite responsive and engagbkdne another. In Chapter 5 it was

established that linguistic accommodation did ramuo due to the rapidly changing discussion
partners in a given Facebook exchange. Howeverraonts imitate a one-turn mutual chat

interaction between posters and commenters in tfieuke case. Therefore the next research
aspect to be covered is the hypothesis of linguatcommodation (Danescu-Niculescu-Mizil,

Gamon, and Dumais 2011; Niederhoffer and Pennel24Gs).

To investigate the existence of linguistic accomatimh, first an estimate of dissimilarity per
page group is taken using a Euclidean distanceysisa{Table 7.5). Comments have an
average dissimilarity of 5.7 and posts have anameedissimilarity of 6.62. Post-comment
combinations have an average dissimilarly of 8'B& average dissimilarity between page
groups is 7.37, with a SD of 3.86. Page groups withissimilarity score below 3.51 (the SD
subtracted from the mean) show high linguistic anoodation, as low dissimilarity scores as
tantamount to higher similarly within the data$etting this description are 13 pairs:
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Table 7.5. Linguistic Accommodation, estimated via Euclideastahce
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- Student Clubs comments — KIT Official comments

- Sports Teams comments — Student Clubs comments

- KIT Official comments — Politics comments

- Departments & Institutes Comments — Student Classsp

- Departments & Institutes Comments — University Glpbsts
- Student Clubs posts — University Clubs posts

- Student Clubs posts — Departments and Institutsts po

- Student Clubs posts — KIT Official posts

- Schools posts — Career Service posts

- University Clubs posts — Departments and Institptess

- University Clubs posts — Innovation and Developnpmts

- Departments and Institutes posts — Innovation aeneke@pment posts
- Departments and Institutes posts — KIT Officialtgos

Notable is that there are no post-comment pagengairThis indicates that while it is likely
that groups of commenters can be identified, antthvpbages have similar posts, it is not
possible to identify linguistic accommodation instlataset. This is reasonably due to the
same factors as seen in Chapter 5; discussiongparthange too rapidly (or anonymously) for
linguistic accommodation to take root.

Deceptive Language

Another factor to consider for this network is tpeopensity to engage in deception or
deceptive conversation patterns. The analysis oémese statements is based on the findings
that liars express less first person singular @hd more ‘negative emotion’ due to feelings of
guilt evoked by the act of lying, and depict lesgrtive complexity as capacity is needed to
establish a convincing story, reflected by fewerclasion’ and more simple ‘motion’ words
(Newman et al. 2003; Ott et al. 2011). While thierkittle immediate incentive for outright lies
in such a network, there can be various driversdeceptive actions. Especially lies of
administrators are more vulnerable to be detectetha pages’ official actions tend to be
publicly observed with higher interest comparedintdividual comments. Thus, a single
witness of contradictory information could reveatdption to the whole community and page
administrators are expected to be aware of this #mme examples of reasonable deceptive
practices could be page administrators seekingipegeedback, publicity or attention could
try to support these achievements by drasticalgggerating or even ‘making up’ interesting
stories. Individual commenters could aim at recejvihe community’s recognition and based
their deceptive actions off of this. Whilst pagemawistrators often form teams and lies may
require collective consent, individual page comraentin the KIT community enjoy high
anonymity, facilitating untruthful statements.
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Two possible methods exist for the assessment cépdion in Facebook discourse: direct
score comparison (i.e., as done to assess seHfsmpation) or a summed approach (i.e., as
seen in the calculation of Net Affect). Given thmdicity represented by single scores, the
additive approach is chosen. Thereby two deceptetrics are established: The sum of ‘I’
and ‘exclusion’, as well as ‘negative emotion’ aftdotion’ LIWC scores. ‘Negative
Emotion_Motion’ is subtracted from ‘I_Exclusion’ teach a single score. The baseline values
for the two scores are measured separately f@oals and comments as the chosen categories
show sizable gaps between entry types, most likegulting from differing basic
characteristics (for an overview of LIWC scoringe sgection 3.2.3). The second SD is again
chosen to establish baseline differences as ommdéocomparisons between the two scores
would lead to identifying almost every post as giwe due to standard smaller values for ‘I
and Exclusion, thus reflecting a logical mistakeidpyoring the purposes of each entry type
(e.g. a common purpose of posts is to evoke dismusmnd of comments to give personal
opinions). If an individual post or comment demoaiss both, a near absence of frequency of
‘| _Exclusion’ use and an exaggerated frequencyN&gative Emotion_Motion’ compared to
the according baseline-scores of the databass, tagged as highly suspicious. To reduce
variance only entries with length of 35 words (therage sentence in German) or more are
considered. This restriction further respects ligatletection depends on a reasonable amount
of linguistic information.

Two granularities are investigated. First pages aplit based on the type of page

administration: university administrator led pages,student led pages (Figure 7.13). The
administration-student management granularity i swéted to deliver insights on deceptive

post-comment comparison. Despite of the above weedi barriers for page managers to
share exaggerated or wrong information, the estaddi deception rate almost doubles from
comments to posts, reflecting a rather unexpedtetinj. One explanation would be people

accepting and expecting certain levels of overstatés in posts on Facebook pages. This
discrepancy is left for future work.

Focusing on relative increases due to the diff@gninn dataset sizes is also necessary.
Officially administrated pages show highly suspisigosts for 478 out of 4586 possibilities,
equaling 10.4%. Deception marginally increases 4%l.increase) when students are
authorized to manage pages resulting in a totatmtem proportion of 11.6%. This finding
holds true for commenters as well: Commenters odestt-run pages present an 18.8% higher
occurrence of possibly deceptive comments (6% ffaiPo on employee-administrated
pages). Seemingly, student administrators respeet responsible position slightly less
honestly than administration employees of the KAGditionally, administration-led pages
influence commenters’ tendency to write possiblyruthful statements. The analysis of
Chapter 7.2.2 has established that student-runspageke a less formal environment for
visitors. This aspect may reduce visitors’ inhdnitito lie on student-run pages.
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Deception

mPost = Comment

. 11.6% 17.1% 19.0%
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Official Student University Politics University Sports

Figure 7.13 Frequency analysis of deceptive-type commentspasts

The second granularity investigated is the pageggas explained in Section 7.2.2. Each
supra-group (KIT (official presence), Library, Solg Departments and Institutes, Student
Clubs, University Clubs, Sports Teams, Innovatiod Bevelopment, Politics, Carrier, Music,
and Social) is individually assessed across pagtcamments. Generally this analysis did not
show high levels of deceptive aspects. 20 out op@gsible post-comment groups had only
marginal posts or comments which could be consileleceptive. Perhaps unsurprisingly
Politics-related posts (17.1%) and comments (5.686)tain above average deception rates
(Figure 7.12). The other post-comment group présgrexceptionally high proportions of
suspicious content for posts (19%) and commen®4Y is the Sports Teams pair (Figure
7.12). These pages mainly feature game reportsivadfrsg university teams. Here it is
reasonable to assume that hard lies about resoliddwot appear, but rather exaggerating
positive performance in case of wins and underglagasons for defeat when a match is lost
might be prevalent.

7.2.3  Temporal Representations

Considering fast-paced online communities therarisinterest in knowing if, and which,
events have notable effects on the way the commumieracts, and if there are sentiment
changes over longer time periods. One way to iflertients of impact is to visually inspect
spikes and dips as they are related to the semasterals. With the semester intervals acting
as a baseline, obvious highs and lows in commuetireent are more easily identifiable.
Temporal representations are segments of the dsjaarsed for different, small time periods
within the larger semester timeframe. The followantplysis address the benchmarks of the
semester, highlight two events that are especmadtjceable in emotive spikes from the data,
and names other events which were expected tospame with increased latent emotion but
had no visible or statistically significant impawet the KIT community discourse.
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In order to create a comparative baseline, LIWGesof all data (posts and comments) before
the start of the event and after its completionehéeen aggregated to a single number,
weighted by total word counts. Considering timealotendencies, the three equal time
intervals of one month before and after, and thextmaluring games are analyzed. All
measures in the coming analyses do not show thalddWWC scores, but relative increase and
decrease to the baseline.

Semester Intervals

The KIT community is highly cyclic, as noted in 8en 7.2.1. Figure 7.14 displays an
average of the academic year considering the tiame@011-2014. There it can be seen that
the bulk of discussions occur inside of the semgestigh the Winter Semester having slightly
more chatter than the Summer Semester. This pastéipped for the holiday seasons, which
Summer Holidays having a slight boost in activigmpared to the Winter Holidays. That
remains constant when comparing the exam weelkeetbdlidays — Winter Holidays have less
Facebook interaction than the Winter Exams, and rBemHolidays have more interaction
than the Summer Exams.

Start of Winter Semester
30

Summer Holiday Mid-Winter Semester

Winter Exam Weeks

Summer Exam Wee

Mid-Summer Semest Winter Holidays

Start of Summer
Semester

= Per cent of Posts and Comments

Figure 7.14 Frequency of KIT posts and comments throughaaietademic years
2011-2014

Discernable patterns are found in the expressiequincy of positive and negative emotions
that coincide with the semester calendar (FigurEb)7.Likely due to the influence of
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Christmas and New Year's, Positive Feelings aredsgduring the Winter Holidays. Anxiety
is lowest during the semester holidays and higliesing the summer term. Anger and
Negative Emotion are most common inside of the @visemester; Sadness and Optimism are
most common inside of the summer semester.
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Figure 7.15 Frequency of KIT posts and comments throughcaiatademic years
2011-2014

Additionally, results show peaks during the senrediar the categories Cognitive Mechanism
and Social Processes (Figure 7.16), and decreasey dwlidays and exams. This could be
influenced by the logic assumption of studentsradtng most when lectures are in full

process and no additional stress is put on therat Thgnitive Mechanisms are lower inside
of the semester than during exams is likely dugettreased network engagement by students.
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Start of Winter Semester
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Summer Holidays 30 Mid-Winter Semester
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Cognitive Mechanisms Social

Figure 7.16 Frequency of cognitively oriented discourse ardadaliscourse throughout
the academic calendar, 2011-2014

Germany’s Excellence Initiative Il

BeWell@KIT established a critical disappointmentgtudents and employees as the denial of
the Elite Status on 15 June 20fZhe loss acted as a shockwave across the netwdrivas
the most common discussion topic the days afteldb® as it was expected to damage the
university’'s prestige and also included the endthd additional ‘Excellence Money,” a
governmental financial support of 15 to 20 milliearos yearly! Since the first round of
funding in 2006 the KIT proudly presented its Ektatus, a national governmental award for
scientific research of the highest quality. Studdaared decreasing employment opportunities
in the highly competitive academic working envir@mh At the same time, financial
consequences threatened the continuing of resgaopbcts and existence of administration
jobs. Hence, the denial impacted students, reseiacand administration employees likewise.

First a strong rise in the Facebook community’sralectivity can be seen after publication

of the judges’ Excellence decision. Whilst the wéefore the announcement counts 7,425
words, this amount increases by one third to 11Wa@fs during the consecutive week and
15,072 (almost an additional 25%) two weeks afterdvent. The two weeks representing the
event and after the event comprise 1.3% of the jears of corpus’ words. The categories
reflecting cognitive complexity (Articles, ExclusipCausation) show a positive trend in the
following week of the Excellence loss compared e bverall score before (Table 7.6).

3 http://www.kit.edu/kit/english/5963.php. Last Assed: 3 January 2015.
“ http://www.deutschlandfunk.de/nicht?mehr?exzel&80.de.html?dram:article_id=240282.
Last Accessed: 3 January 2015.
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Putting this together with the significantly highsaores of Past and Future (measuring verb
tense frequency), and the topic categories Monegu@ation, Job and School is an indication
of intense discussion on the reasons and futuradtapf the Elite denial.

Table 7.6. Score development for comparison between 1) adl datore June 15th 2012,
2) the following first week after the event and!® following three weeks after the
event where green shows increases and red shovesades

Before Loss 1 Week After 3 Weeks After

Articles 6.68
Exclusion 0.86
Causation 0.63
Past 131
Future 0.56
Money 0.72 0.68
Occupation 5.49
Job 1.89
School 2.87

It is a promising and intuitive finding that thesti week shows the most distinct peaks for all
cases. Still, a wider timeframe post-event produttes same tendencies for all LIWC
categories but Money (Figure.7.17). The additiadhate-week timeslot enables observation
whether detected peaks presume or ebb away quis&htiment dimensions seem to differ on
the durability characteristic, as some scores dlplaseau over three weeks (Exclusion, Past,
Future, Job) and others drop back to the benchragillly (Money).
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Aspects of Affect

1 week bef. 1 week aft. ™3 weeks aft.

33.3%

14.9%

-
I

-13.3%

-6.7%
-19.1%

-40.0%

. -60.0%
PosFeel NegEmo Sad

0.150 0.470 0.150

Figure 7.17 Affective changes in discourse relating to the Iklite loss. All measures
show relative changes, not absolute LIWC scores.cthored bars in the middle
reflect the crucial short-term results, while barghe left (1 week before) and right (3
weeks after) improve interpretation by considet&mgporal deviations from the
baseline and resilience of effects.

More than impacting professional and practical eons, the loss of the Excellence status had
a major influence on the KIT’s digital expressiafsvell-being. Increased frequencies of the
categories Negative Emotion and Sad hint at aratisg occurrence around June, 15th.
Positive Feeling depicts a decrease (-35.7%) dyredter announcement of the denial. It is
interesting to observe that after the first didtideop, zooming out to the following three
weeks, the category shows a slight upswing indigatiommunal resilience while reminding
us how delicate results based on latent emotidat¢ssare (Figure 7.18). The LIWC category
Social increases slightly after the incident, anatk]y increases in the following three weeks.
In addition, Inclusion depicts a typical spike asnpared to the results in Table 7.6. Inclusive
speech then plateaus for the weeks following tlemev
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Belongingness and
the Impact of the Elite Decision

1 week bef. @1 week aft. ™3 weeks aft.

39.7% 41.2% 39.3%
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Figure 7.18 Emotive sentiment flow in discourse relating te HiIT Elite loss.

These two categories are strong reflectors of comainbelongingness, thus leading to an
interesting finding. Because the loss was unexpedteaffected almost all community
members: the shock was wide-spread and deep. Foesearch found that tragic collective
experiences often promote feelings of belongingr(@&snebaker, Mehl, and Niederhoffer
2003; Kramer 2010; Pennebaker and Lay 2002). Bnevident in the KIT dataset, where the
loss of the Excellence status acted as a collectigés according to the Facebook discourse.
Encouragingly, the community responded with noy@tiock and negative feelings, but also
resilience and an increase in togetherness, sifjaglbbeing according to the definition of
Huppert and So (2011).

Inspection of the 2012 Excellence initiative suggdisat campus-wide incidents affect the way
the community interacts. Well-being and commundbibgingness are affected in the short-
run, but the long-term impacts are minimal. Thightights both communal resilience, and
how delicate the results are.

World Cup 2014

The 2014 World Cup competition dominated interraglqtraditional) media during the time
span 12 June- 13 July 2014, and the World Cup betveen Germany and Argentina evoked
280 million interactions by 88 million people ondedook, which is record for a single sports
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game® In addition soccer is the most popular nation@rsin Germany along with most of
the world. Germany’s 2014 performance and finalydming world champion for the first
time since 1990 resulted in exuberant nation-wiglelration. The final was viewed by 34.65
million people in Germany alorfé Therefore, it is not surprising that as an evdrinterest

for both the campus and beyond, and that it regidteon the BeWell@KIT sentiment
indicators. A single category, Sports, coveringsp8rtive expressions, provides evidence that
it can be used to detect mega events, with a 4ihtféase during the month of the games.

Excitement and anticipation of games increasedufsaqy of emotive statements as seen by
the relative LIWC score rise of 9.8% in Affect (Big 7.19). This is met by significant
changes in the sentiment categories Positive Emdtia4.0%), Positive Feelings (+46.7%),
Negative Emotion (-10.8%) and Anxiety (-30%) thentioof the World Cup. Decreasing
negative expressions is an especially telling te¥uhilst the raise of positive scores could be
restricted to posts directly referred to games,dberease of negative latent emotion indicates
an overall sentiment shift to higher community weding. This is in line with the findings of
eminent well-being researchers like Ed Diener, BaKahneman, and their colleagues who
find that well-being is not only the presence o$ifige emotions but the absence of negative
emotion (Diener 1984a; Kahneman and Krueger 20@6)onflicting result appears for the
LIWC category Sad. Various reasons for the increased be based on a logical relation to
the games. Some reasons could be that the campunsiigernational environment and also
there are many natives rooting for other favoriiecer teams; also the games took place six
time zones from Germany, which meant that the sdeedonflicted with a daily work-life
schedule as well. Reasonably, there is some pligsibf sadness because of empathic
statements for losing teams in the case of othergd®d game performance.

5 http://Inewsroom.fb.com/news/2014/07/world-cup-kBestacebook-records/. Last Accessed: 20

January 2015.
46 http://www.presseportal.de/pm/6694/2783889/datearsuer-rekord-34-65-millionen-zuschauer-
sahen-fu-ball-wm-finale-deutschland-argentinierstlaccessed: 20 January 2015.
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Net Affect
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Figure 7.19 Net Affect changes during the World Cup to theraggted (word count
weighted) baseline of all scores before and aftfmeasures show relative changes,
not absolute LIWC scores.

Additionally peaks occur for Social discourse (€B8) and first person plural pronouns (We)
(+16.0%) (Figure 7.20). Seemingly, the World Cupcréased aspects of communal
belongingness along with making the community hapgRegularly singing national anthems,
decorating houses and public viewing places with gleneral aspect of collectively being
caught up in excitement about the sport performaeeens to strengthen social relation ties in
the KIT Facebook network. A confounding aspect texigith the category Inclusion (-2.3%
during the World Cup). As noted in Section 3.2t tategory Inclusion was mentioned as an
indicator for belongingness. The relative dip coodddue to the nature of sporting events and
the discourse surrounding them: (e.g. “we won"g{thvon’t defeat us”). This is unlikely to be
the major driver though. While Inclusion is stilegative relative to its baseline, it is less
negative compared to the months immediately pregedi following the World Cup. A small
uptick in Inclusion is seen during the World Cupt it was too small to balance the other
aspects of low inclusion in the KIT Facebook digseu
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Communal Belongingness
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Figure 7.20 Communal Belongingness aspects during the WorfdltGihe aggregated
(word count weighted) baseline of all scores beéore after. All measures show
relative changes, not absolute LIWC scores.

A more complex effect on the community was foundsrtime focus. Overall communication
shifts event more to the present tense (+11.2%jgesting a very day-to-day conversation
across the network. Furthermore, there is an itidicaf a rise in self-confidence mirrored by
the raise of Certainty expressions (+6.5%) relativethe rest of the semester. Finally,
sentiment impacts of the World Cup are persistar@rall. The sentiment increases and
decreases in the consecutive month do not immégiagtirn to the baseline but rather slowly
decrease. This is a positive finding in light ok tincreases in well-being and communal
belongingness.

7.3 Discussion

Focusing a Social Observatory on the KIT Faceboetwark revealed quite clear online
discourse patterns among university network memb&wst-comment comparison, in which
posts represent activities of page administratats @mments participation of page visitors,
serve as the sentiment analysis’s baseline, proyidioth insights into the community
characteristics as a whole, and as a guidelinguftver data partitionsRQ 3).

LIWC results display an overall satisfied communilisclosing indicators of high emotional
and mental well-being through various emotionatergional and cognitive categories.
Interestingly, comments are both the most positivel negative aspects of the dataset,
indicating that the community has a diversity ofotion even though the net effect is overall
positive. In addition a general high level of commalibelongingness is suggested by the high
use in combination of inclusion words and soci&nmences, along with the low indications of
strong social hierarchy. To better understand greahics of discourse, focus was shifted to
differences between comments and posts, considdrihgriginated on an administrator or
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student led page. Comments on student pages ascemmtional overall. Combining this with

the prevalence of cognitive processes in comméntan be posited that a central motivation
for visiting the KIT Facebook pages is seekinglieiscussions and discussion of opinions.
In contrast, university administrators seem to rigstthemselves to ‘newsflashes’ in a
professional, formal manner, avoiding discussion.

Though the post-comment comparison is suited to fiat insights into the sentiment of the
KIT community, it is with the partitioning of theathbase that communal attributes are
uncovered. A dissimilarity analysis of Facebookgme@videnced that university topics have
crucial impact on sentiment in communication. lisveiscovered the further a page was from
other page in terms of sentiment usage, the lefegried into the KIT network it is
(considering interaction distances on the sociaplyy. High dissimilarity can be understood as
tantamount to low relationship strength. Consedyerdistance scores depict valuable
information for pages to monitor their positionwighin the community.

An overview of the literature benchmarks concerrdisgourse patterns estimated by LIWC is
assessed in relationship with Section 3.2.3. Listijziaccommodation, the process of matching
language styles of linguistic partners (Niederho#fed Pennebaker 2002, 339), was assumed
to be present due to its characteristics of postraent exchanges found in Facebook.
However its occurrence on KIT's Facebook interaxtics questionable. Generally high post-
comment dissimilarity indicates that patterns afiglaage style matching are not present.
Exceptions are more likely attributable to indivédsi posting and commenting on different
pages than linguistic accommodation. Although adoordation increases with more frequent
interaction, a yearly analysis fails to support thyothesis of language style matching of
interlocutors.

An attempt to extract deceptive discourse from Kh€ data was attempted. Four LIWC
categories served as predictors of deceptive pattes suggested by former research (Newman
et al. 2003; Ott et al. 2011). Surprisingly posteitained a higher proportion of suspicious
statements despite more severe consequences tfthiatrstatements are disclosed and an
estimated higher detection risk. Student admiristsashow to be more inclined to use posts
indicating deception than their university admiragtr counterparts. This tendency also holds
true for comments. Subsequently, the more inforemaiironment on student-run pages may
reduce the visitors’ incentive to lie. Additiongllyigh deception scores for pages related to the
page groups politics and sports were identified.

The way a Facebook page is administrated also seeaifect indicators contributing to well-
being RQ 3). Conversation on student-run pages tends to penigher focus on social
interactions and is more concerned with individualshe community. This indicates the
existence of degrees of communal belongingnesscesdly on student-run pages. Whilst
belongingness contributes to well-being (Hupped &o 2009) no administrative effect on
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emotive well-being is detected. This creates theditmn of discussion staying on a more
instructive or declarative level, which is not cantve to reflective, cognitively focused or
emotive discourse. This leads to the secondaryiniindhat communication is more
homogeneous on pages administrated by students, dntinished emotive gaps between
posts and comments as opposed to administratqalgels.

With respect to the temporal aspects of the arglgsiveral interesting patterns were detected.
Temporal dynamics illustrate powerful findings, trdsuting to the description of communal
well-being. Campus discourse showed dependenciestiné recurring semester cycles. KIT's
Facebook community is most active when studentsrettgning from holidays to the new
semester. Accumulation of stress during exam wemkminates in an overall negative
sentiment valence through increasing anger, angetiynegative emotion, as well as drops in
positive affect. Supplementary pressure and stuahith seem to reduce social activity in
contrast to the middle of the semester, where Epctcesses peak. The denial of the Elite
status acted as a shockwave not only on the cabytualso across the various pages of the
university’s Facebook community. Members emotignatacted with anger, anxiety and
sadness summarized by a generally increased derfisiggative emotion. Positive feelings in
the community marked a significant drop in the wpedceding the announcement. However,
the community showed resilience as displayed binemrease in positive emotions three weeks
after the event. Remarkably, the KIT community cesfed with an increase of communal
belongingness to this disappointing experiencealljin this analysis shows sensitivity to
detection of internal and external events: The W@up represents an external event with an
emotional impact on the campus pages. Germany agrnthie World Cup displayed significant
increases in net affect and communal belongingngsssistent even for a medium-term
timeframe of a month past the awarding of the.title

7.3.1 Limitations and Future Work

Some limitations caused by the tools available xisteAs stated in the previous chapters,
LIWC was not designed for short informal text litteat found in Online Social Media, even

though it copes astonishingly. A possible extenswonld be creating an additional dictionary

with common abbreviations, phrases and emoticaatsafe pervasive in short, informal online

texts as suggested by (Thelwall et al. 2010). Amiotiecessary extension for the German
dictionary is the splitting of formal and informedferences to person. Otherwise it is not
possible to accurately verify the level of formgalih use across the community.

The importance of multilingualism in Online SociMedia is increasingly recognized.
Interlanguage comparison or even pages includingixdure of several languages could
mislead interpretation of results. To allow for smieration of these inaccuracies further
software versions could process an output reflgctimrd count percentages of contained
languages. A more ambitious attempt in full auteomaimay then even adapt each LIWC
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category based on the specific language deviatimdsthe calculated proportion of content.
However this requires in-depth analysis of crosstaeguage patterns ideally based on Social
Media content.

This work focuses on large spikes and dips witlarcidata signals in its current iteration.

Innumerable smaller and unstudied incidents canugddnd be responsible for large emotive
shifts just as well as significant and sudden dipsl spikes. This would be similar to

predictively assessing the Davies J-curve (Davig62) based on short, informal data.

Uncovering possible long-term predictors and dajaads bears countless difficulties. This is

due to the fast-changing features of and in sauoidlia, including strong dynamics without

distinct attributes. The long-term analysis of @égeseems best suited for large-scale political
interventions (e.g. (Bocking, Hall, and Schneidét®) or small and clear communities such
as the KIT (Lindner et al. 2015).

A major limitation of this exploratory work is it®liance on estimations of emotional states.
This is especially true for dictionary-based apphes that are insensitive to context or
limitedly-sensitive and thus will frequently misémpret ambiguous words and certain
linguistic constructs as irony or sarcasm. Congextsitive software is emergent and it is likely
that newer versions of LIWC will include these impements (Pennebaker et al., 2007).
Although there is a high amount of agreement wghaldished literature to indicate this
study’s validity, better grounding of the dictiogdo context and not only latent states would
allow for more definitive statements on the genéedlth of the community. Envisioned in a
full TSR system is a platform where both self-répdrdata and unstructured and informal
texts like that on Facebook can be extracted amdlyzed. In the long run it surely can be
expected that this study’s approach will benefiindr fast developing improvements in
sentiment analysis.

Some extension ideas for specific use case arebpmsBormer LIWC research has treated
authorship characterization based on main chaisiiter as gender and age via selected
tendencies for LIWC scores (Newman et al. 2008 Wihiversity use case could be suited to
test the introduction of this feature to BeWell tegting whether sentiment tracked on pages
for diverse study branches reflect the official Kdfatistics on gender and age available for
each study course. An interesting extension wowdabcomparative assessment of other
universities and technical universities in Germaay,well as (dis)similar global universities.
This would enable the establishment of in-depthpanisons of community characteristics and
participative behavior, representing a powerfubinfation resource for education institutions
worldwide. It would also establish the findings sthivork as confirmatory rather than
exploratory.

One major bias of utilizing Social Media text carttéo derive community characterization is
the fact that there are a limited proportion of rhens who actively participate. Describing a
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given community with a Social Observatory therefooasiders solely the members attracted
to social media discourse. Thus community charsties theoretically include the biases of
restricted and incomplete member perception. Héniseimportant to respect the distinction
between online communities actually regarded aedcttmplete community at which many
findings aim. It is likely that relations and temdées of the online presence are closely linked
to the community as a whole, yet this conclusionncé be made definitively. Meeting this
problem can be best achieved by only carefullygtifill, generalizing results of active social
media users to bigger parts of the community. phigess should be made with consideration
to each specific finding. For instance it is likehat the KIT online community’s community-
oriented reaction to the critical disappointmenttieé Elite denial is generalizable, whereas
stating that people linked to university politiasdasports show higher frequencies of lying
would be an absurd generalization of Facebook Bpeliscourse patterns.

In many areas this study was only able to executt $teps of completely envisioned
capabilities and some possibilities have not beeated at all. Having delivered of the
effectiveness of BeWell's attempt to community alsagon, it is hoped that further research
will follow up this work. BeWell has provided firgvidence that it is sensitive to sentiment
peaks induced by short term events, external evants time intervals. Calibration of these
characteristics of events and time frames couldwalior automated identification, further
contributing to automation. Establishing highly siéime signals to capture sentiment changes
may reveal hidden influences on communities andsigecially attractive linked with the
possibility of real time data-feeds. Sometimes éhexists severe interest in effects of events
with focus on the incident itself, rather than aigito describe the community by it. If the
event depicts a macro level, affecting multiple ommities, the Social Observatory can be
adapted to extract short term databases of cordt@mmamunities and subsequently deliver a
more complete picture. Policy impacts present gus of countless examples. Assessment of
suitability for inter-community analysis in futuresearch would extend the operational area
substantially.

Discourse structure and preset rules differ enostyoacross social media and network
platforms which has a distinct impact on trackedtisgent results. First work on these
differences was approached in (Lin & Qiu, 2013).gemering BeWell@KIT to track multiple
social media platforms requires not only new fumaaility on the data extraction level, but will
need similar information on sentiment baselinespas/ided by Lin & Qiu to allow for
comparability over multiple platforms. Intensivenaoination and mutual enrichment of the
two approaches, also referred to as Social LangMag)work Analysis, displays a whole set of
additional approaches that could be addressed twrefuvork (Scholand, Tausczik, and
Pennebaker 2010).
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7.4 Conclusion

BeWell@KIT has shown that it can detect notable momity events by tracking expressed
sentiment in Facebook posts and commdr€3 8). Combining the stakeholder baselines with
event-based tracking is interesting from a polieyspective, as it creates a communication
mechanism for where stakeholders can present aulis$ events and policy changes in a
public forum. The contributions are twofold: thi®ork binds a multi-dimensional well-being
definition to publically available indicators thate otherwise hidden inside a data stream. To
achieve this, both benchmarks from literature andsual sentiment-based spikes and dips
were observed and reported. Secondly this work osivated by the university’s desire to
improve the understanding of itself as an institutiThis work serves as a first attempt to
develop and ground transformative services intodixgision making procesRQ 1.2, with

an aim to support member participation based aalrel information.

The results revealed by the temporal analysis a&tdithat within a community, stakeholders
cannot be identified in a top-down way. Especidle shockwaves across the digital
community after the loss Elite status show that cbmmunity is both self-nominated, and
highly engaged, participating in the events and tems experienced as a community.
Partitioning the data in recurring semester cyplesents information on how communication
focus shifts over the year. Due to the fact thaipte frequently debate about daily activities
and events the results also capture the prevdiipigs of daily activities. It was found that the
stressful exam weeks lower emotional happinessewsiinultaneously show community
members being less socially active.

Knowledge about such sentiment changes (cyclicumedpected) may be put to use to advise
feedback and community engagement attempts. Fon@gavoluntary surveys might receive
the highest participation at the beginning of tleensster, when social processes peak and
members show highest participation, instead ofndudemanding exam weeks. Similarly,
detecting sentiment intervals such as semesteesyduld advise when employees are most
willing and able to put up with additional pressuteis optimizing efficiency.

The way a Facebook page is administrated seemfeitt a basic indicator contributing to
well-being, namely the feeling of communal belomgiess. This characteristic is especially
valuable for institutions since it reflects if cdiisents can identify themselves with values and
views of the organization. Sentiment scores shoaltity to conclude the Facebook site’s
connectivity to other pagers when backed up witoaial Network Graph. Sentiment scores
indicating (social) isolation could be passed &pextive pages and evoke appropriate actions
and research if this characteristic is pervasivénil8¥/ Social Network Analysis already
provides this functionality, establishing integoatilevels through different data and sentiment
analysis adds more depth. However, this possiliégds further evidence through matching
future community results of sentiment scores artdiorx graphs.
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Chapter VIII  Conclusion

“Achievement of your happiness is the only motappse of your life, and that happiness, not
pain or mindless self-indulgence, is the proofafrymoral integrity, since it is the proof and the
result of your loyalty to the achievement of yalugs.”

Ayn Rand (1905-1982)

Ithough it is well-known and accepted that everyaants to improve their own

well-being, a fully functional measurement systeas lyet to be introduced. The

reasons are many, mainly due to outstanding corntigiexin the definition and
identification of indicators of well-being, and thentegration into social systems once
identified. This thesis addresses these problemmsidering the forces of servicization,
humanization, and digitalization of the modern exoy. The increase in transparency caused
by the rise of the internet increased individuakslity to compare and contrast their own lot,
and demand services that support attaining the @fda¢ing happier and more satisfied. Such
services are called transformative services, owices that have the maintenance and
improvement of individual and communal well-beirggeagoal function (Anderson et al. 2013;
Rosenbaum et al. 2011). The movement to transforengervices inclusive of human well-
being necessitates the formalization of a methodefine and identify well-being, measure
well-being, and evaluate the characteristics thHereo

Following Service Dominant logic (Vargo 2009), thiesis evaluates two applied methods for
the measurement of well-being considering digitataf gamification and text analytics
propagated on the social media and networking glatfFacebook. As the definition and
determinants of well-being and happiness are of upmost importance for a successful
human-oriented service, the first emphasis of ttiésis was in establishing how well-being is
defined and experienced. In the second sectionthigisis concentrated on the unobtrusive
detection and evaluation of well-being gained frahort, informal text harvested from
Facebook posts and comments. In particular, tlesisifocused on bias-free methods of social
media analysis, tested on multiple independentases.

Section 8.1 summarizes the contributions of thissith by addressing and appraising the
Research Questions of Chapter 1. Section 8.2 alhtiadiscusses the assumptions and
limitations of this work, and closes with an ovewiof future work.
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8.1 Contributions

This thesis focused on the definition, refinemeahd application of well-being as a
progressive community management service for usestitutional settings. Its contributions
to the TSR literature and service research commumitre broadly are threefold:

1) The design of a multi-tiered service framewoskaameans to estimate the
entirety of the service environment as it pertaingell-being,

2) The technical implementation of a data extrachsr complementary
methodology to study such systems,

3) The understanding of relevant indicators of ékialuation of personal and
institutional well-being.

Particular care was taken to consider design remquints and their impact on the application
thereof. The three contribution aspects are digcliss more detail in the subsequent research
guestions.

8.1.1 Defining Well-being for Transformative Service Regrch

There is near universal agreement that everyonendesto be happier and that individuals’
well-being is paramount for healthier, happier camities. What has not yet been agreed
upon is how to define (in the first instance) ahdrnt measure (in the second instance) that
which is essential to well-being. These two aspaoctscritical. Without a reliable definition
and measurement, metrics based on well-being opihegs cannot be elevated past the
normative. However with a clearly defined and cetesit metric system, well-being is poised
to become an invaluable metric in the effort to huime the modern economy and service
ecosystem. Due to these interdependencies this thuesises first on a comparative analysis
of the major well-being definitions and measurermerfthis was the motivation behind
Research Question 1:

RESEARCH QUESTION 1.1 < DEFINING WELL-BEING & Which attributes of well-
being’s conceptual definitions allow for the opévaal usage of well-being in
institutional management?

The first step to address this research questioa @alyze the requirements for capturing
normative states in order to determine differemtise layers. As the definition of well-being
lacks afil-rouge, Research Question 1.1 distinguishes the necesstifyutes and identify
relevant aspects of a singular well-being definitith is necessary to measure the positive and
negative feelings of the experience of well-beiitigs also necessary to recognize that the
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aspects which afford pro-social and thus pro-instinhal well-being are not always consistent

with being happy all of the time. Here the conveosachanges from ex-post measurements to
the difference between being happy and satisfidds Thesis finds that both metrics are

necessary for a complete institutional measurement.

As such, this research advocates the operatiotializaf the tri-layered approach Human
Flourishing (Huppert and So 2013), with its concatidn on positive emotions and positive
characteristics (individually conducive to well-bg) and positive functioning (communally
conducive to well-being). Chapter 2 further cdmites a formal notation of Human
Flourishing (Equation 2.3) as by prioritizing theperience of positive emotions while
implementing that all constructs are necessaryeingowell. In the case that the construct
positive emotion or two items from either positislearacteristics or positive functioning are
not present, the individual is considered to beflootrishing.

It must be recognized that Human Flourishing i sierely a marker of temporal well-being,
meaning that it is the weather and not the climd® is identified. In order to more
realistically ‘estimate the climate’ it is necesstr review even more personal psychometrics,
namely personality. This thesis established that fersonality types, extroversion and
neuroticism, are responsible for between 54-70%noindividual’'s perception of well-being.
Thereby, Research Question 1.1 investigated ngttheltemporal estimates of well-being, but
also the foundational determinants of well-beingcdrdingly in the process of addressing
Research Question 1.1, Chapter 4 establishes ometagonship between well-being and
personality.

Applied methods - even if developed for big dataeasment - reveal interesting and new
facets of this study's well-being prediction problepon comparably small datasets (Chapter 4
and Appendix Il). Social data availability simpdifi the understanding of dependencies and
underlying structures, but it will also demand femsy-to-use, well-interpretable, but
nevertheless powerful analysis procedures. The topismall data' analysis including small
samples with high dimensionality recently evolveont increased availability of individual,
personal data gained for example from smart phaesd social media activity. It is
consequently proposed that non-parametric tools featlre selection methods should be
further developed and more often be utilized ineordo question popular, but simple
regression results. Applied non-parametric mactgaming algorithms significantly increased
the developed picture of the well-being dependahaiernal structures. Today, most analyses
on social problems do not challenge significancasndl by variance analysis and linear
regression for underlying non-parametric structurashough those would probably add
additional value to the ongoing scientific discossi
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RESEARCH QUESTION 1.2 < TRANSFORMATIVE SERVICE RESEARCH & What are

the necessary attributes for constructing well-lgeioriented service design for
institutional management?

Transformative Service Research is essentiallyisemesearch where the well-being of the
entire service value chain is maintained or inada3 o implement such a worthy design, the
interaction of well-being and services must be neapprhis thesis contributes to service
research a framework which is at once reflectivéhef individual and networked across the
various services that impact individuals on a dayday basis. This is achieved with the
introduction of a tri-layered framework that coresisl macro-, meso-, and micro-level
interactions between individuals and services.

Respecting the value of tangible and economic assmss of well-being, an assessment
paradigm for the design of services must retainagrm assessment of the environment or
ecosystem in which the service is expected to Ipdogled. Trivially explained, the ‘day to
day’ of an average citizen of the Democratic Rejoutll Congo and Norway are different and
must therefore be considered in transformativeicesy Moreover, the critical relationship of
an individual and their immediate environment ntstconsidered. This meso-perspective is
similar in breath to the concept of Human Flounshiindividuals work in an environment,
and that interaction is a key part of their pericgptof well-being. One particular meso-
characteristic, ‘belongingness,’ is establishedadey indicator when assessing institutional
well-being unobtrusively. With belongingness onenudianeously estimates the meso-
perception, and gains insights into micro, psycoiaal aspects of well-being. This estimation
of belongingness is the foundation of Research ures.

As established by Research Question 1.1, thislisgart of the picture when it comes to well-
being. Transformative services must likewise cagrsitie individual’'s psychological profile.
The interplay between extroversion, neuroticismg an operationalized Human Flourishing
corresponds well to literature-based benchmark$iappiness research (Chapter 4). This
micro-aspect has been heretofore untouched due yigadnethical, legal, and practical
considerations including scalability. In the eraBafj Data, the ability to analyze exactly this
micro-consideration has changed. As such this workributes to that research gap.

Missing is an application that can extract thisinfation in a privacy friendly and scalable

way. This is crucial as before each aspect has beasidered, a realistic and functional

transformative service cannot be designed, far vtithin this networked, layered environment

that the cycle of service provision, perceptiond anfluence take place. Even more

importantly, it sets the stage for information-@rivtransformative service design. Research
Questions 2.1-2.4 address these necessary aspectpioically-based transformative service

design.
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8.1.2 Refining the Data Characteristics of Digital Wellding

In addition to difficulties in pinpointing the maasable attributes of well-being, virtually
unknown is the suitability of such data. Previoffsrés in well-being assessment tend to be
longitudinal studies based on survey responsed) wieasurements taken at infrequent
intervals. Necessary for an institutional leveleassnent is shorter, more frequent intervals
nearing real-time reporting of constituent wellfigei This leaves the open research and design
challenge of formulating well-being assessmentuchsa way that it can be either pushed to
constituents frequently or pulled from constitueaitpredefined intervals and granularities in a
way that is robust and reliable.

RESEARCH QUESTION 2.1 < DATA HARVESTING & Considering the methods
gamification and text analytics in online social diee which method is more
appropriately applied to extract near to real timesll-being data in a continuous
manner?

Considering Research Question 2.1, through thesmglary case studies, it is obvious that
the use of text analytics and the related sentiraeatysis to evaluate human well-being in
terms of Human Flourishing provides a more holiaticl robust method of analysis. The first
case study exemplified that gamification is a medtes approach though it suffers from

several context dependencies. With such an apprdath extracted is truthful and personal.
However, the method struggles with issues of ppdit fatigue. The second use case
demonstrates superior facilities in the extractbmvell-being data without participant fatigue

or researcher bias. In addition, text-based appesmcan be easily split along a variety of
granularities, allowing for different community geectives to be taken into account.

In concentrating on the platform Facebook, sigaificefforts must be deployed in verifying
the findings from existing literature. Results canie considered reliable or valid when
changing the data elicitation medium without anitiolohl verification step. As Facebook is a
relatively closed platform for quantitative studidss is currently a research lacuna. Research
Question 2.1 contributes to exactly this problenerifying existing relationships from
literature with two applied methods sourcing Facdbdata.

Gamification has the merit of reproducing knowratieinships with a validated method. It has
other drawbacks (addressed below) that make itchilgtive mechanism for large-scale
studies. Text analytics, whist certainly not withds own limitations, was found to be the
more promising mechanism for the estimation of seihg in digital communities. Text
committed to the public pages of an online sociatlia platform like Facebook is granular,
constantly updating, highly individualized, andrges latent aspects of personality. In the case
of public pages (such as in Chapters 5 and 7% #&lso freely available but does not carry
aspects of research design bias. In the case oksegl data from individual pages (i.e.,
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Chapter 6), researcher bias is by and large mitibaly the use of Facebook, where data is
granted in its entirety. The setup of the extraciiwocess per Facebook’s regulations means
that participant fatigue is out of scope in suctleaign. The analysis of such short, informal
text is well-done with a dictionary-based approliod that found in the Linguistic Inquiry and
Word Count package. This limitedly context sensitioolkit extracts word frequencies given a
sentiment category, giving researchers a mechamisstimate language and emotive patterns
with a common baseline. As the tool concentratelam language is used, rather than what is
being said, it also supports this thesis’s aim @asuring the climate and not the weather.

Having identified three layers of service requireteeand the need to extract potentially
sensitive data in these stages, as a next stegribvgledge can be applied to design technical
solutions by way of an information-driven TSR apation. To exemplify the usefulness of the
information-driven approach, Part Il presentedecstsidies on two methodologies. The aim of
the first methodology was to study the effects ofnijaation on incentivization and
participation, as addressed by RQ 2.2; the secaitadology investigated the suitability and
attributes of text analytics for unobtrusive ddtatof well-being (RQ 2.3).

RESEARCH QUESTION 2.2 2 GAMIFIED SURVEYS & Does the gamification of
surveys enable frequent, granular views of indigithuwell-being without a high
participant drop-out rate?

Gamification can be successfully applied to measlunman Flourishing — motivating users to
continuously employ the artifact while providingithnful data. However, serious gaming for
well-being revelation has some serious limitatiand conflicting results for some incentives.
Chapter 4 establishes that the primary interegshefusers was to calculate and track their
HFS, and to investigate their Flourishing conssud®articipants predominantly liked the
gameful approach. Social incentives and exchangisiito the platform were underutilized,
supporting the view that the users prefer theil-aeing information to remain self-contained.
There is an observable rejection of comparative @raduative incentives through users with
high(er) neuroticism.

While participants were satisfied overall with @ggproach and gamified approach, two major
limitations were self-evident. One is the high lesEself-selection bias and reference effects
incurred. As a realistic estimate for possible participants on the online social network
Facebook is not possible given the limitationshef platform, it was not possible to create a
bias-mitigating variable from which to test theiabllity of the results. This is a serious
consideration for researchers intending to gam#yspnality and well-being surveys. The
second necessary consideration is participantuatigAn observable drop in participation
occurs after approximately four interactions withe tgame. Gamified personas are not
identified as a deterrent to the collection of wmding data in serious games. This indicates
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that while granular and truthful information candodracted in a serious game, the frequency
of data-extraction does not fulfil the requiremeoits transformative service.

RESEARCH QUESTION 2.3 € RELIABILITY AND VALIDITY & Which well-known
relationships between well-being and personality ba reproduced when using text-
based data found in social media posts?

Social media data has several very specific cheniatits that make verification difficult.
Resources like Facebook posts and comments arévedlashort compared to more
traditional, non-digital corpi. Validation on smalata is a well-known methodological issue.
Due to the brief and informal nature of such resesy abbreviations and slang that are
commonly used and broadly know yet rarely committec dictionary are frequently used.
Considering the degree of such usage, quite af b#tent emotive data could be lost due to
recognition issues.

These methodological challenges notwithstanding, cbmbination of Facebook data and
LIWC analysis applied in this work has proven tdivie reliable, valid and robust results. In
what could be a particularity of the German usenpda, overall use of fillers, slang and other
non-fluencies averaged at under 0.01% in all sasnplad while individual posts are short, the
aggregation methods applied in Chapters 5, 6, axtb®ed the overall corpus per instance to
be large enough to allow for validation. As a rdbass check, this thesis varied the minimum
amount of words per analysis and found that thalteeslo not change significantly when at
least 50 words are recognized by LIWC’s internaltidnary. This is a significantly lower
threshold than in previous works.

LIWC analyses across Chapter 5, 6, and 7 revedtedgsrelationships with the constructs
found in Human Flourishing (positive emotions, @uderistics, and functioning). Moreover,
aspects of communal belongingness were identifiedamalyzed in Chapters 5 and 7, helping
to identify the overall well-being of the institati and not only the individual. However, the
initial analysis found in Chapter 5 also suggehbtt there are some issues of establishing
ground truth. Initial attempts to find a relatioisbetween the personality factors extraversion
and neuroticism and LIWC's positive and negativiecfcategories could not be verified. This
confounding result is the basis of Research Queid: to which extend is the medium
affecting data quality, and can these effects batitied and later mitigated?

RESEARCH QUESTION 2.4< DATA VERACITY & Are discernable characteristics of
active representation identifiable, and if so, whes these characteristics?

Just as well-known as it is that people are maltieted, it is well-known that individuals pick
and choose aspects of their activities and pergprtalalternatively highlight and censor in a
given forum. A trivialized example is that when gkiag to one’s boss and about one’s boss
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with a spouse, the tone and content of such a csatien can and will change. Unknown is
how this instinct displays itself across onlineiabmedia, and if there is an impact on the data
of this in the first place. Literature is incondltes and has been poorly assessed on a per-
platform basis. This thesis, and specifically Cbaps, addressed this Facebook-oriented
research gap by aligning Facebook posts and gmifted survey data on self-representation
and Facebook usage, along with personality data.

The findings of Chapter 6 confirm that self-pres¢ion is indeed a phenomenon that exists,
and it has an impact on the way that LIWC'’s intéadgorithms process data. Chapter 6 also
finds that aspects defining the degree to which selerepresents is identifiable. As it is
identifiable, it is mitigatable. To reliably mitigathe impact of self-representation, this thesis
first establishes the categories of LIWC with higlsignificant relationships to personality
factors. It then clusters those factors to asdes$ersonality’ of a text corpus. Applying this
method not only mitigates self-representation icdb@mok analyses, it also identifies the
baseline of individuals’ personalities. This is mgxtension a contribution towards
guantitatively establishing ground truth from Famslbdata.

8.1.3  Applying Transformative Services

Service design is transformative when it has a maate, even optimizing, positive affect on
human well-being. Any prospect for such felicitoogtcomes, however, requires accurate
assessment or measurement of well-being in antfget populations. Such assessment raises
two immediate issues: conceptualization (How showiell-being be conceptually
operationalized?) and measurement (Given an opesadization of well-being, how can it be
measured?). This was addressed by Research Qugstidmplicit in the tri-layered definition

of well-being and its dependency on psychologicgleats of personality are the first aspects
of transformative service requirements. Researchs@@n 1.2 uncovers and delineates these
attributes as they pertain to transformative servésearch.

RESEARCH QUESTION 3 < CHARACTERISTIC MAPPING & Can community
characteristics like well-being and organizationiaklongingness be unobtrusively
established? If so, what are the key charactes$tic

Sentiment analysis of German Politicians on Fackbaod the KIT Facebook presences
revealed multiple characteristics useful to descabcommunity, facilitated by the technical
solution named a Social Observatory. LIWC scorerpretation allowed for the community’s
well-being, communal belongingness, emotionalitgrnfality level and honesty to be
established. The description of characteristics nedgestricted to capturing macro tendencies
but even delivered dynamics over time, sentimemiesy and differences between various
subgroups of the respective community. ResultsnaftilWC as an efficient analysis tool for
tracking communal sentiment, well-being and aspeftt®longingness. It is found that LIWC
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categories related to emotional affection, atteraidocus (i.e. pronoun use) and cognitive and
social processes were especially crucial to dettigecentral findings. The results are quite
often nuanced: small percentage points highligifedinces for more than one community
characteristic. Yet, topic domains and specificeotbcores allow for detecting more specific
interpretations and should not be disregarded.lihef all LIWC categories deployed as well
as the volume of words used in a given settingggavevide and holistic impression of guiding
characteristics. One interesting caveat to thissReh Question 3 is its dependency on word
count. This thesis tested then employed a cutfdDowvords for psychometric analyses and 34
words (the average German sentence length) fobliHie analyses. While this is well below
the thresholds of similar studies (Yarkoni 2010rl&e-Sardinha 2000; Sheridan-Dodds and
Danforth 2010). Pages, posts and comments belowethployed thresholds cannot be
considered, and if they are subject to seriousideraions of validity and reliability.

Information estimated from aggregated social media may lack some interpretation quality
but provides an easy and repeatable way to gagk gusight into the essential factors defining
a community. Macro-assessment of social indicaises from investigation of post-comment
distinction, a pre-given structure of any Facebdakaset. This means that the approach is
easily replicable for other communities and genesble. Although some customizing effort
concerning data preparation are inevitable if comitgespecific insights are pursued, many of
the employed partitions are to be individualizeduxther use cases. This aspect of popularly
sourced well-being information is ripe for adapmiatinto transformative service research. By
utilizing this multi-faceted picture of the indiwidl, BeWell@KIT as implemented with the
Social Observatory encourages communities to piredgtmanage the components causing
well-being (or its counterpart, ill-being) as arfoof adaptive people management. Through
the observation of a decrease in well-being, pagtory approaches to decision making and
policy making could be applied as a means to regngaeviously content constituent-users,
and engage new constituent-users throughout thencoity.

The workflow of the Social Observatory (exemplifiéd Chapter 5 and Chapter 7 as
BeWell@KIT) equips social researchers with a new weaunaobtrusively select, analyze and
compare communities of interest in a highly aut@bk surrounding. As institutions seek to
evoke participative interaction with stakeholdelsarning about the driving forces of
participative behavior is the foundation to furtiatuce frequent feedback of members on the
social media platforms but could even be benefitbaparticipation via other media. High
participation can not only function as an effectiveasure to reveal the reasons behind
eventually to be detected well-being drops in tterke, but has shown to positively influence
happiness of communities (Frey and Stutzer 2001).
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8.2 Research Outlook

This section addresses the limitations of the thasid suggests areas of future work. The
integration of well-being into service design igtsinfancy. While important questions on the
operationalization thereof have been addressedhis thesis, several aspects remain
underdressed. These areas have promising resedueh &nd may provide valuable insights in
the future.

821 Technical Considerations in Transformative Service
Research

Transformative Service Research is poised to grdaghefit both the academic and the
practical aspects of the service economy. Thisighgsints out areas of further technical
developments that should be pursued in order tgp fiolegrate TSR into the digital economy.
These are discussed below.

Further Integration of Mechanisms

This thesis investigated two applied methodolofoesghe extraction of well-being data from
digital platforms: gamification and text analytiddhere the application of serious games to
survey data had the positive attribute of indivilusourced and thus the most accurate data, it
also had high participant fatigue. Text analytiesan estimation of ground truth, but can be
extracted with any time frame as it is user indeleah Yet to be addressed is the combination
thereof. An interesting method to be investigatealld be the extension of a platform as
introduced in Chapter 4 to include streaming tendlgics capabilities. This would decrease
the necessary amount of pulled questions from qipatits while still maintaining the
granularity of text analytics. Integration is cliye& design issue, and would benefit from the
application of design science (Hevner 2007). Desigiance would also facilitate the creation
of a well-being dashboard from which progressivencmnity management can be directed.
Interesting future directions also include the ictpaf interacting with such a system on
socially responding or social desirability aspectsn the perspective of Common Method
Bias (Podsakoff et al. 2003).

Learning Approaches in Digital Discourse

This thesis chiefly concentrated on the measurewigogychometrics as a predictive aspect of
well-being. Machine learning approaches were agglegamified survey data in an effort to
predict well-being of individuals In Chapter 4. Andar tactic could be applied to the text-
based data in order to discover not only the lataties of the words used, but the topics
within them. Where this work concentrates on apydictionary-based counting algorithms,
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machine learning methods suitable for unstructwtath, generally called topic modelling,
including n-grams (Oberlander and Nowson 2006) lzetént Dirichlet Allocation (Blei, Ng,
and Jordan 2003) can also be applied.

In particular the work (Youyou, Kosinski, and Stilll 2015) suggests that an unsupervised
learning approach can predict personality. Theyeweowever unsuccessful in predicting
happiness. This leaves the open question of usténgppality to predict well-being using an
exploratory language modeling approach. This unsbte approach is an ethically superior
method to that of (Kramer, Guillory, and Hancockl2)f) as shown in the work (Coviello,
Fowler, and Franceschetti 2014). Another intergstaispect is using linguistic patterns to
identify writing consistency in order to better iy temporal aspects of well-being (Runge
et al. 2012; Argamon et al. 2009).

Cross-Platform Validation

Consistent with literature on self-presentation gaio 2010; Special and Li-Barber 2012;
Lingel, Naaman, and boyd 2014; Mehra, Kilduff, @rdss 2001; Lin and Qiu 2013) as well at
the principles of validation in research, it rensaio be addressed what parameter changes (if
any) must be applied when estimating well-beingnfrother online social media platforms.
First work in the comparison of the same use ofeint platforms has been addressed in (Lin
and Qiu 2013). Of particular interest to communitgnagers for further validation could be
enterprise social networks from the perspectivéhefwell-being of professional institutions,
and the closely linked online social networks whagecialize in professional networks like
LinkedIn or the Germany-based Xing platform. Wheraa enterprise social network would
have special considerations due to privacy concehesinteresting aspects of platforms like
LinkedIn is the scarcity of words used as well asds allowed in a profilé’ Restricted word
counts present an interesting validation challengesidering the overall smaifi in use
(Braga-Neto and Dougherty 2004). A similar srmadlhallenge exists for low volume users of
the micro-blogging platform Twitter. Visually-basedcial networks like YouTube, Snapchat,
and Pintrest are also of interest considering tgeiwing user bases. Especially wtih self-
representation, there are considerable research Hawever, the technology behind machine
vision that would be required to classify such aspé unfortunately still lacking (Poczos et
al. 2012).

8.2.2  Human Factors in Institutional Management

In addition to technical considerations in Transfative Service Research, two aspects of
human interest should be further addressed: digiedarch ethics and the use of such data in
participatory decision-making.

" https://www.linkedin.com/pulse/20140319195712-188263-linkedin-maximum-character-counts-

for-2014



Conclusion

Ethical Considerations in Digital Communities Resed

An underdressed aspect of digital communities’aedeis informed consent. The Terms and
Conditions across social networking and social mdttforms are unanimous: that which is
committed to the platform can and will be usedesearch. Simply put: registration on or with
the platform indicates continued agreement with #tatement. Even more concerning is that
resources which are committed publicly are considier part of the public domain if the user
understands this or not. Comprehension is takegriomted, though it has been shown that the
Terms and Conditions are often written in legaigar far above the average reading level of
participants (Fiesler and Bruckman 2014). Whiles tttiesis conformed to the Terms and
Conditions of all utilized platforms in addition following the guidelines of (Markham and
Buchanan 2012), it remains an open question ifrinéa consent can and should be
maintained inside of user Terms and Conditions fthenperspective of user assent and user
comprehension.

Several aspects come into question, with the folmo question being if community
members consciously understand that agreeing tmsTand Conditions is implicitly agreeing
to Informed Consent as well. As seen in the comtr®y surrounding the Facebook study on
emotional contagion (Kramer, Guillory, and Hanc@€@d 4), this assumption is questionable at
best and should be addressed by the research catymdiorking from the assumption that
participants do in fact know that their data is sidared a valid research source, the next
research issue is if users understand the extatdtafwhich they agree to grant researchers on
social media platforms. This has wide-reaching iogions, from personal information, the
information of friends, to intellectual propertyghits. A knowledge-based experiment of the
permissions and boundaries of users on social metwahould be conducted for this purpose.
Additionally, a stronger ethically-based researaligline should be issued in cooperation not
only with academics but also with the platforms ntselves for digital research and
researchers, consistent with the proposal of (Rréed Kahn Jr., and Borning 2003; S. H.
Schwartz 1994; Friedman 1996).

Participatory Decision Making

The overarching goal of deliberative participatiprocedures is yielding user-generated
debates and results on complex topics. Participdiihavior has changed a lot in the era of
digitalization (Boulianne 2009). That which wereeyiously considered obstacles, such as
time and space, are decreased and simplified bialdarticipation in political, as well as in
corporate or private contexts. This is especialle tfor young(er) institutional constituents,
though not exclusively (Escher 2013; Hampton e2@l.1). This development has affords the
ability to change public management dialogue froomadirectional flow from the institution
to users into consultative or participative bi-dtienal flows between users and the institution
(OECD 2007;0ECD 2010). This is a positive development but requitether academic
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Research Outlook

studies on participant motivation and incentiviaati(Haas, Caton, and Weinhardt 2011;
Margetts et al. 2011; Bishop 2007); and user-oe@mesign principles (Friedman, Kahn Jr.,
and Borning 2003; Larsson et al. 2005; Krause 28t4dyse and Porzel 2013); theoretical and
applied participation tactics (Dworman, Kimbrougind Laing 1995; Zhong, Kimbrough, and
Wu 2002; Vassileva 2012).

This thesis provides first evidence that a digitadl which is sensitive to sentiment peaks
induced by short term events and time intervals lwampplied in progressive community
management. This advances the literature surrogriliansformative Service Research. The
next step is creating an automated sentiment fe&dtmo| for use in participatory decision
making. A deeper understanding of the emotionalivaton behind online participation
behavior is inevitable to improve the user friendfis and experiential aspects of participatory
platforms. Personalization simplifies the use aftsplatforms and keeps the user motivated to
participate. Envisioned is an open dashboard fe&drcebook and other feeds. This can be
used to highlight community mood and might, comtimégth advanced learning techniques,
lead the users through the platform depending eir trersonal current mood. Therefore the
participatory interaction within the group is féteited. In support of institutional efforts this
anticipates a happier, healthier community.



Part V.
Appendix
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Appendix | Survey Iltems Considered in Part 1l

Five Factor Inventory:

Here are a number of characteristics that may grmoaapply to you. For example, do you agree
that you are someone whkes to spend time with othérsPlease write a number next to each
statement to indicate the extent to whydlu agree or disagree with that statement.

| am someone who...

BF1. Is talkative BF10. Is curious about many
different things

BF2. Tends to find fault with

others BF11. Is full of energy
BF3. Does a thorough job BF12. Starts quarrels with others
BF4. Is depressed, blue BF13. Is a reliable worker
BFb5. Is original, comes up with BF14. Can be tense

new ideas

BF15. Is ingenious, a deep

BF6. Is reserved thinker
BF7. Is helpful and unselfish BF16. Generates a lot of

with others enthusiasm
BFS8. Can be somewhat careless BF17. Has a forgiving nature
BFO. Is relaxed, handles stress BF18. Tends to be disorganized

well.

BF19. Worries a lot



BF20. Has an active imagination

BF21. ______ Tends to be quiet

BF22. ______ Is generally trusting

BF23. ______ Tendsto be lazy

BF24.  Is emotionally stable, not easily
upset

BF25. Is inventive

BF26. Has an assertive
personality

BF27. Can be cold and aloof

BF28. Perseveres until the task is
finished

BF29. Can be moody

BF30. Values artistic, aesthetic

experiences

BF31.
inhibited

BF32.

Is sometimes shy,

Is considerate and kind to

almost everyone

BF33.

BF34.
situations

BF35.

BF36.

BF37.
others

BF38.

Does things efficiently

Remains calm in tense

Prefers work that is routine

Is outgoing, sociable

Is sometimes rude to

Makes plans and follows

through with them

BF39.

BF40.
ideas

BF41.

BF42.
others

BF43.

BF44.

Gets nervous easily

Likes to reflect, play with

Has few artistic interests

Likes to cooperate with

Is easily distracted

Is sophisticated in art,

music, or literature
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Human Flourishing Scale:

HF 1 Competence

Most days | feel a sense of accomplishment fromtwha

HF 2.Emotional stability

(In the past week) | felt calm and peaceful

HF. 3Engagement

I love learning new things

HF 4.Meaning

| generally feel that what | do in my life is vahla and worthwhile
HF 50ptimism

| am always optimistic about my future

HF 6.Positive emotion

Taking all things together, how happy would you gay are?

HF 7.Positive relationships

There are people in my life who really care aboat m

HF 8.Resilience

When things go wrong in my life it generally takmae a long time to get back to normal.
HF 9.Self-esteem

In general, | feel very positive about myself

HF 10.Vitality

(In the past week) | had a lot of energy

Facebook Usage:

SM1. How often do you log into Facebook?

SM2. How often do you update your profile?

SM3. How many Facebook friends do you have?
SM4. Who are you interested in contacting~anebook?
SM5. What do you find yourself frequently Kitg"?

SM6. Do you leave your contact informatiomn!, phone number, address) public on
Facebook?



SM7. Which information about yourself do yiwawve available on Facebook?

SM8. To which degree do you agree with ttasesnent? “People should present themselves on
online social networks as the same person as tieeyfline.”

SMO. With which of the following statemenis ybu agree? (Choose all that apply)
| use Facebook ...

A.

r & m o 0o W

K.
L.

because contacting to others is simple

because I'm curious, about the kind of life of gedmglo not know
to be recognized by others

because | can observe people around me

to obtain support from others

because | can learn a lot about others without awinh to be seen
to inform others what I'm doing

to show everyone what | know and what | can

because this is how people connect nowadays

because | can reach many people

to give something and, if necessary to get somgtbatk

to show a different side of myself

SM10. Do other people present themselves diffsr@amonline and offline settings?

SM11. Complete the following statement. | managyeimage on Facebook with (Choose all that
apply)

r & "™ m o o w »

group memberships

personal interests

a profile picture that shows my face
likes

my Friend List

a profile picture that is not obviously me

. Albums

my Cover photo

SM12. Do you upload pictures to Facebook?

SM13. Other people represent themselves on Fakéd®o....

A.

group memberships
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r & T m o 0o W

personal interests

a profile picture that shows their face
likes

Friend List

a profile picture that is not obviously them

. Albums

Cover photo

SM14. To what extent do you agree with the follgypstatements?

A.
B.

mnom O

| quickly understand how | am perceived by others.
| can determine myself what | do or do not showeath
| can show personality completely.

| can be who or what | want on my Profile Page.

| can be more open online than in real life.

Online, | can present myself to everyone.



Appendix Il A Comparative Assessment of Machine
Learning Algorithms for Well-being Assessment

2.1 Kernel-Smoothing algorithms

The following kernel-smoothing algorithms are apglio solve the general prediction problem
including the per-participant averaged HFS as deégetnvariable and the 13 demographic and
personality variables as predictors. All variakdes normalized to zero mean and SD one.

2.1.1 K-nearest neighbor

The introductory kernel method is a uniform kerrietluding the k-nearest neighbors of the
requested point into the analysis. For the k-néar@ghbor algorithm the dependent variables’
value of these k neighbors within the training se¢ averaged. In R the algorithm is
implemented using a knn package.

The implemented algorithm allows for an adjustn@nthe metric, by which the distance for
k-nearest neighbors are calculated. By using thekdiski distance thé&;. (Manhattan-) and
1,. (Euclidian-) metric and graduations in-between loarapplied through a distance parameter
(1 for Manhattan and 2 for Euclidian metric). Fermore, differing kernels including
Gaussian, Epanechnikov and the standard uniforso, rafferred to as rectangular kernel, are
applied and compared.

The results show a slight superiority of the Eualidmetric for all kernels, why the |_1-metric
is not further considered (Figure 8). The predittexcuracy is best for the Epanechnikov
kernelat k = 22 (RMSEy» = 0.792).The Gaussian and uniform kernels perform besk fer
12 ((RMSEqs= 0.794 and (RMSE_{StrUni.} = 0.796).Figure 1 provides a graphical
representation. Nevertheless, all results arefsgnily worse than th&LM (RMSE = 0.678)
The given results already indicate that a statall@tructure might not be present within the
data.
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Kernel
epanechnikov  x

rectangular © gaussian

1 1 1 1

0.82 1

0.81

0.80

RMSE (Repeated Cross—-Validation)

0.79

T T T T
20 40 60 80

Neighbors

Figure 1. RMSE for k-nearest neighbor using Euclidan metric

However, the importance of the variables diffeenfrthe GLM’s variance importance. As
seen in Figure 2 neuroticism gains even more impcod, while the demographics lose
influence on the independent variable HFS.

Neuroticism
Extroverted

1
Conscientious
Health EEm—— ]
Agreeablness EE—
Optimisim /e
Maximizer e
Age e
Fairness [
Education o
Location 4
»
T

Gender
Job

T T T T
0 20 40 60 80 100

Importance
Figure 2. Variance importance for k-nearest neighbousing Euclidian metric

2.1.2 Non-parametric Regression

Non-parametric regression refers to algorithmschvizalculate a local linear regression within
a kernel environment instead of averaging the i ¢aneighbors. Three different non-
parametric regression algorithms have been testmohely anGeneralized Additive Model



using LOESSaGeneralized Additive Model using SplirslNonparametric Regressidsee
Hayfield and Racine 2013).

2.1.3 LOESS

The LOESS (locally weighted scatterplot smoothimdgorithm fits a linear or quadratic
regression within k-nearest neighbor environmerth\ai uniform shape. The kernel's size is
defined by parametex, the proportion of training data points includedeach kernel. Far =

1 all training points are included in every kernghile o = 0.25 takes the 25% nearest points
of the entire training data into the kernel. LOESfisequently turns into a GLM fer = 1.
The distance calculation for the neighborhood dk&dim is conducted with the tri-cube weight
function: (1 - ¢istance / max(distanpd)®.

The algorithm is implemented using the caret paelsaggamlLoess model. GamLoess
implements the LOESS algorithm separately for eauwtlependent variable within a
Generalized Additive Model (GAMDue to high computational costs, only the linear
regression has been conducted. As seen in Figilne &@ccuracy converges towards the GLM's
accuracy at 0.678, whem is close to one. However, an increase in accucanot be
observed when is reduced. This result is in line with the preasty mentioned low accuracy
of the k-nearest neighbor algorithm. Noticeabléhes RMSE drop fon = 0.32, which equals
approximately 103 training points included in thedl regression. This configuration does not
outperform the GLM RMSE = 0.753

RMSE (Repeated Cross—Validation)
N
|

Figure 3. RMSE for gamLoess

2.1.4 Splines

A different smoothing can also be achieved usintinep. Instead of using kernels, the
independent variables are steadily transformedguspiines before integrated in the GAM.
The model is tuned upon the degrees of freedomnpea, which controls the degrees of
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freedom for the spline function (the more degreefsemdom, the higher the adaption to local
structures). Two degrees of freedom lead to a fib Wnear regression. Analogous to the
gamLoess algorithm the results demonstrate thaadaption to local structures does not
increase the model’s accuracy. The best fit iseadd for df = 2, the linear model was already
tested with the GLM (see Figure 4).

1.6 =

1.4 =

1.0 =

0.8 1 =

RMSE (Repeated Cross—Validation)
-
N
|
T

T T T T T T
0 10 20 30 40 50

Degrees of Freedom

Figure 4. RMSE for gamSplines

Even though a small improvement using splines was&ed and not achieved, the results are
not astonishing as splines fit each independemalviarwithin the GAM independently and are
not capable of modeling interdependencies.

2.1.5 npreg

The most advanced kernel-smoothing algorithm a@pfiehis study is computed upon the np-
package in R. The npreg function computes a kdonetach independent variable and applies
a local linear regression within the kernel. Theiropl kernel parameters are independently
data-driven optimized for each independent variabiereby a different bandwidth results for
each of the independent variables. One of the mgsbrtant advantages of this algorithm is
that continuous as well as categorical, unordemaihbles (as present in this study) can be
included in the regression (Racine, 2004). Therdtyo is consequently capable of predicting
with mixed datasets. It can either be computed witBaussian, an Epanechnikov or a linear
kernel for continuous input data. Categorical datzalculated with an Aitchisonaitken or
Liracine kernel. For this study, the categoricadictors (location, job and gender) were fitted
upon Aitchisonaitken kernel only.

For each cross-validation, the kernel bandwidth dach input variable is computed via a
Kullback-Leibler cross-validation or least-squaresss-validation, which is applied to
compare algorithms upon RMSE in this study. In wastt the Kullback-Leibler cross-



validation compares different bandwidths upon thaiRke information criterion (AIC), which
compares the goodness of fit with the model’s cexip}l. As a result of bandwidth selection
and parameter comparison, two nested cross-vaigatiwith correspondingly high
computational costs have to be performed in ordetest each bandwidth specification on
several folds. The algorithm moreover uses eitbenltlinear regression (Il) or the local-
constant estimator (Ic). The latter is an averageather, similar to the k-nearest neighbor
smoother, but contrarily computes different bandigdand scale factors for each independent
variable.

The results (see Figure 5a-b) show that the locakt regression is more accurate than the
local-constant estimator and reaches the GLM pedarce with the Epanechnikov kernel for
least squares cross-validatidRMSE = 0.682; RMSE; SD = 0.065The uniform kernel with
local-linear regression Kullback-Leibler cross-dalkion does not reach sufficient accuracy
(RMSE > §, and is therefore excluded in the chart.

Kernel Regression Estimator Kernel Regression Estimator
I o lc © o Ic ©o
- I I ~ 1 1
c c
9o i)
) 5]
B 8
S 0.0 - S 0580 -
I P
1% [}
<) o
o O i
5 0754 - < 0754 e =
2 bS]
© I
[ [}
Q. Q.
& 070 - & 0.70 o L — =
w w
] (%]
= =
3 T T T o T T T
uniform epanechnikov gaussian uniform epanechnikov gaussian
Continuous Kernel Type Continuous Kernel Type

Figure 5a-b. RMSE for npreg with least-squares crasvalidation (a) and Kullback-Leibler cross-
validation (b)

Besides the models’ accuracy, the variance betvgmyeral cross-validation loops is an

important aspect to evaluate the model’'s predictigpability. Reviewing the RMSE density

plots finds that the Epanechnikov kernel provides smallest variance between CV runs,
followed by the Gaussian and then the linear kerRel the local-constant estimator the
variance is even smaller compared to the locablimegression, but the latter performs better
regarding RMSE mean (Figure 6).
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Figure 6. RMSE density plot for 10-fold cross-validtion runs
(kernel bandwidth selection upon least-squares crgsvalidation)

The algorithm has also been tested with higherdtesrders (kernel order = 2 and 4), but no
accuracy gains were realized and consequently dflewing analyses apply secondary
Epanechnikov kernels only.

Due to the variable bandwidth and scale estimatfonsthe independent variables, npreg
usually allows for an advanced analysis of the ipteds’ importance. Since the npreg
algorithm does not predict the averaged well-belata more precisely than the GLM in this
case, the variance importance just reflects the Gufedictor importance. However, the
graphical representation in Figure 7 presents #réah almost linear (kernel bandwidths >>
n) regressions. The predictors were abbreviatsihiplify the analysié®

8 Abbreviations: N - Neuroticism, E - Extroverted,-Agreeableness, O - Optimism, C -
Conscientious, M - Maximizer, F - Fairness, H - ltgaAge - Age, L - Location, G - Gender,
Edu - Education, J - Job.
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Figure 7. npreg predictors’ partial regression infuence

High dimensionality of the input data masks seveaal-linear linkages of certain independent
variables. If less important independent variablesremoved from the analysis, they come to
light. Table 1 shows selected subsets of independamables with reached performance

measures. All calculations were conducted uport-kgsares cross-validation with local linear

regression within Epanechnikov kernels to fit tlndbwidths and two times repeated 10-fold
cross-validation to evaluate the performance. uéhé computational costs only a limited

number of subsets could be tested.
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Table 1. npreg accuracy for reduced input dimensioality (1)

Resampling results across tuning parameters:

subset RMSE Rsquared RMSE SD Rsquared SD
NEAOCHMFAge L G EduJ 0.702 0.51 0.0773 0.127
MHEACNOFAge L GEdul 0.762 0.513 0.285 0.131
NEAOCHM 0.691 ©.522 0.0682 ©0.118
NEAOC 0.703 0.509 0.0695 0.128
OCEAN 0.701 ©.513 0.0688 0.13
MNCE 0.692 ©.522 0.0683 ©0.119
NEHM 0.708 ©0.499 0.0749 0.139
EMNH 0.709 ©0.498 0.0754 0.14
MENH 0.708 ©0.499 0.0749 0.14
NEH 0.723 0.478 0.085 0.152
N E 0.728 ©0.471 0.0757 0.147
NHM 0.748 0.446 0.0713 0.133
NMH 0.744 0.452 0.0758 ©0.138
Age M N H E 0.704 0.505 0.0737 0.139
MHEACNOF Age 0.7 0.512 0.0794 0.121
Age GJ L 1 0.0367 0.0859 0.0373
N H 0.766 ©0.421 0.0829 0.138
NM 0.774 0.412 0.0584 0.11
N A 0.768 ©0.418 0.0638 0.114
NAE 0.724 ©0.477 0.0676 ©.132

Tuning parameter 'regtype’ was held constant at a value of 11
Tuning parameter 'nmulti' was held constant at a value of 10
Tuning parameter 'ckertype' was held constant

at a value of epanechnikov

Tuning parameter 'ckerorder' was held constant at a value of 2
Tuning parameter 'bwmethod' was held constant at a value of cv.ls

It is found that certain subsamples of the inpuadechieve almost as good accuracy as the
original model including all independent variabl€kis applies to RMSE as well as the RMSE
SD. For example, the independent variables’ suinssitiding the big five personality traits,
health and the maximizer vs. satisficer test addean error of RMSE = 0.691, which is only
one per cent worse than the best full model figrAphical representation of the dependencies
within this subsample fit is given in Figuré&&hler! Verweisquelle konnte nicht gefunden
werden. The fact that subsamples of the independenthasaeach similar accuracy leads to
the conclusion that the correlation between thdipters has an influence when fitted locally.
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Figure 8. npreg predictors’ partial regression infuence for reduced input dimensionality (1)

The maximizer-satisficer measure has been fouhdve a U-shaped partial influence in many
subsets, even if the overall model fits almostdingsery large kernel bandwidth; see Figure
7). In contrast to the intuitive suggestion thatximazers have lower well-being than
satisficers, maximizers seem to be happier thanatlegage. This is even more supported,
when age, as the predictor most correlated withrtagimizer-satisficer variable is included in
the model (Figure 9). Directly compared to the po®ds conscientiousness and
agreeableness, the maximizer-satisficer predictpla@s less variance than conscientiousness
(higher RMSE), but more than agreeableness (Tgble 2
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Figure 9. npreg predictors’ partial regression infuence for reduced input dimensionality (2)



Table 2. npreg predictors’ partial regression inflience for reduced input dimensionality (3)

subset RMSE Rsquared RMSE SD Rsquared SD
N E 0.735 0.45° 0.0628 ©0.145
NEC 0.697 0.507 0.9745 ©0.135
NEM ©0.715 0.491 0.0583 ©0.139
NEA 0.726 0.471 0.05%6 ©0.131

The overall model shows a small positive lineatuiefice of age, but those results are not
obtained from long-time measurement and are coeselyunot corrected for influences by
different cohorts. Moreover, the negative influennéa healthy lifestyle already identified by
the GLM was confirmed by non-parametric regressidane of the calculated predictor's
subsets showed a positive influence of a healfagtijle.

An interesting observation was made when the ptadicwere reordered. The algorithm
results in different accuracies for different potdr orders which are stable during cross-
validation. The algorithm calculates different bardths for different predictor orders.

2.2 Neural Network Algorithms

2.2.1 Stuttgart Neural Network Simulator

The neural networks applied in this study are imp@eted using the Stuttgart Neural Network
Simulator (SNNS) package in R. In order to perfdh® same cross-validated analyses as for
the before mentioned algorithms, a custom model lals to integrate a fully customizable
version of the SNNS into the caret package.

The SNNS allows for a variety of different learnirajgorithms, of whichstandard
backpropagation (SBP)the most common NN learning algorithm, aschled conjugate
gradient (SCG)has also been applied. Both perform superviseahilegn for feed forward
neural networks, but differ in the optimization tioe. While SBP uses the first derivative of
the goal function, SCG optimizes upon the secorrivatéve, which is computational more
expensive, but generally finds a better way to(tbeal) minimum. SCG is a combination of a
conjugate gradient approach and ideas of the LergAtdarquardt algorithm. Regarding the
different learning algorithms’ performance and aacy, no clear ranking persists in the
literature so far. Consequently, comparable studsesilly apply and compare several different
learning algorithms in order to find algorithmgifig the data best.

Due to the characteristics of the neural computivey dependent and independent variables
have been normalized to zero mean and SD one. dtegarical variables (e.g. gender, age,
education) were consequently transformed to numei@bles. The neural network has been
constructed with one to five hidden layers and 22Q@00 nodes on each layer. For standard
backpropagation the parameters have been kephfalevel for best accuracy and rather high
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computational costs, which is due to the small darapceptable: the learning rate at a low
level of 0.1 and the maximum output differenceeabz

The achieved accuracy with different learning athans is given in Figure 10. It is found that
none of the tested network layouts and none obfiied learning algorithms reaches better
performance than the GLM. The neural network withrfhidden layers and 40 hidden nodes
each performed best and reached a minimum RMSE7650for the SCG learning function
and a RMSE of 0.763 for the standard backpropagdgarning function. Both learning
functions provide very similar results.
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Figure 10. RMSE accuracy for feedforward neural navork with SCG learning algorithm (a) and
standard backpropagation learning algorithm (b) (learning rate = 0.1 and maximum difference =
0)

2.2.2 Extreme Learning Machine

Standard feedforward neural networks as implemelnye8NNS generally face issues of slow
learning speed (backpropagation) and customiza&alaing functions with a high number of
crucial parameters to set. A new method fittingrabnetworks has therefore been developed:



Extreme learning Machines (ELMit single-hidden layer feedforward neural netwsotkon
mathematical, non-iterative solving only. The inpugtights for each hidden note are randomly
chosen and not adapted, so that training is omifteadning is only applied to the weights for
the output calculation, which is computationallgdeostly and can consequently magnititudes
of order faster than conventional methods. By aneiase of the number of hidden nodes with
random inputs weights the ELM is theoretically asvprful as conventional neural networks
and capable of approximating any continuous tdtgettions.

The eImNN package in R allows for the training &fM& with different activation functions
(sigmoid function for standard neural networks)r fas study five activation functions have
been tested for the hidden and the output nodgmasil (sig), slightly steeper tan-sigmoid
(tansig), stepwise 0/ 1 function hard-limit (hamg)l, stepwise -1 / 1 function symmetric hard-
limit (hardlims) and a pure linear function (purmgli For a comparison of the activation
functions with different numbers of hidden nodee &&gure 11. The pure linear activation
function obviously explains the same variance a&GhM and leads once more to the best
fitting model. All fitting was conducted upon 5 &® repeated 10-fold cross validation.

Activation Function Activation Function
sig o — hardlims © purelin hardlims © purelin
hardim © ——— tansig tansig o
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Figure 11. RMSE accuracy for extreme learning mackme (ELM); right: zoom for small number of
hidden nodes

Since the tansig activation function has, even5000 hidden nodes, been found to show
decreasing RMSE with increased number of node#gles5 times repeated 10-fold cross-
validated analysis has been conducted for 1200fehitciodes. However, it was still found that
the sigmoid based activation functions do not atigpe the GLM (Table 3).

Table 3. RMSE accuracy for extreme learning machinéor 12,000 hidden nodes
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Extreme Learning Machine

358 samples
13 predictors

No pre-processing
Resampling: Cross-Validated (10 fold, repeated 5 times)

Summary of sample sizes: 324, 322, 322, 322, 322, 322, ...
Resampling results across tuning parameters:

actfun RMSE  Rsquared RMSE SD Rsquared SD

sig 0.957 ©0.283 9.103 0.124

hardlim ©0.724 0.472 0.0863 0.134

hardlims 0.727 ©.469 9.0857 0.137

tansig 0.8 0.388 0.0786 0.121

purelin 0.676 ©.531 9.0792 0.136

Tuning parameter ‘'nhid' was held constant at a value of 12000

All tests have been conducted with 20 times-regkdi@-fold cross-validation. Since the
hidden nodes input weights were randomly set, ficguriit number of repeated analyses have
to be performed in order to achieve a valid acgurasult.

Due to the computational efficiency in combinatiwith comparable accuracy, the ELM has
also been applied to test for possible structurgisiimweach participant’s well-being trajectory.
As already obtained from the GLM analysis no vat@between the participants’ internal SD
and internal regression coefficient (slope) oflthear trajectory smoothing could be explained
(see Figure 12). All models upon the tested paramsgts result in higher RMSE than the
samples SDRMSE > ).
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Figure 12. RMSE accuracy for ELM in trajectory prediction problem (left: SD as dep. var., right:
reg. coefficient as dep. var.)



2.3 Feature Selection Algorithms

The following section does not aim for an accunatediction of the independent variable.
Instead, feature selection algorithms evaluate ity@ortance of certain predictors for the
output variable. The deployed kernel-smoothing rlgms indicate that certain independent
variables within this study do not have an impadriafluence on well-being. To evaluate this
in detail, two different feature selection algonith were applied.

2.3.1 Lasso and Elastic Net Regression

The lasso regression is a basic feature seleciigoritim for generalized linear models
(GLM). In comparison to algorithms using regulatiaa the lasso algorithm limits the sum of
coefficients (I_1 norm) to a constant and therefesults in coefficients being actually zero.
The lasso regression is parameterized by the dract the full model coefficients’ {lnorm),
defining a maximum threshold for the sum of therenr regression coefficients’; (horm). A
fraction of 1 consequently results in the full GLidhile a fraction of O forces all coefficients
to zero. The algorithm is implemented using ths kamd elasticnet package in R and 5 times
repeated 10-fold cross-validated. Figure 13 outlithe lasso regression path and accuracy.

Sequence of LASSO moves:
Neuroticism Extroverted Conscientious Health Maximizer Optimisim Agreeablness Gender Age Job Location Fairness Education

var 1 2 5 8 6 4 3 1 9 13 10 7 12
Step 1 2 3 4 5 6 7 8 9 10 11 12 13
LASSO
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Figure 13. Lasso regression path (left) and RMSE aaracy (right)

As expected, the RMSE of the model approaches LM &curacy for the full solution. From
the RMSE plot, a small improvement to the GLM canobserved, if the fraction is set to 0.9,
so that fairness and education are not part ofrtbdel. It is concluded that these variables
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actually explain no structural variance in the éinenodel and hence overfit the data. The lasso
path includes neuroticism as first, extroversionsasond and conscientiousness as third
variable.

Further developments of the lasso regression ledalternative norms for coefficient
regularization. The Elastic Net Regression allows tontinuous adjustment of the
regularization norm including land } norm by the parametar However, for this study the
elastic net regression including a parameterizataynridge regression did not provide an
improvement in accuracy or feature selection.

2.3.2 Lazy Lasso Regression

The lazy lasso algorithm has been developed to twmkernel-smoothing with lasso

regression. The combination allows fitting non-nefunctions upon the locally most

important independent variables only. Since theoritlym implements the lasso algorithm
mentioned before, it actually zeroes unimportagrassion coefficients by fitting the local

lasso regression with the lars R package. Howehkerlazy lasso algorithm is not available as
an R package yet, a simple version with a unifoemm&l has been implemented.

Additionally, the algorithm is cross-validated gitihe caret package in order to test different
parameter sets. The parameters include the baridwatmeter t for the uniform k-nearest
neighbor kernel (number of neighbors included) arstiopping parameter k, which defines the
number of loops in a row to be calculated withoetfgrmance improvements until the
algorithm aborts. For each iteration the distanioesthe kernel calculation are parameter-
wisely weighted with the regression coefficientnirthe previous iteration. The first iteration
starts without weighting. This approach attachesenmoportance to relevant variables because
distances by irrelevant predictors are neglected.oflder to parameterize the distance
adjustment, the calculation dfis as follows:

L

J=p*p—Ta
2:5?':1|ﬁ]"| a

This allows for a scaling of the adjustment’s poWwgithe distance adaption parameter d. For d
= 1,4 is equal to the relative predictor weight; for @ equals 1 for each predictor, so that
no adjustment of the kernel to the predictor wetghkes place.

As the algorithm performs feature selection upanlthsso regression, a criteria to define the
number of predictors included in the local lineagnession is necessary. Upon the residual
standard error for each step of the lars path MallcC, statistic is calculated. Predictors are
included in the final model as long as Gs larger than the total number of predictors
multiplied by a bias factor, which is bias = 1 filee standard configuration, but may be
parameterized. A larger bias factor results in €5 leomplex model, a smaller bias factor
includes more predictor variables.



Due to feature selection, the model's achieved raoguis not comparable with the prediction
models mentioned previously. However, the resutisnfthe parametric optimization can be
gained from Figure 14. As expected, the kernel-ghing demonstrates once more that the
best model is achieved for large kernels approgcliire generalized linear model. The
stopping parameter k was tested for values k =dbkan 8 without noticeable differences, so
that it is fixed to k = 5 for all further analysis.

Bias Factor Distance Adaption Factor
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Figure 14. RMSE accuracy for lazy lasso regressidifeft: d = 1; right: bias = 1)

The bias factor was, as expected, found to redoeentimber of predictors included in the
local linear regressions and consequently reddeeadcuracy when increased. Different from
original expectations, the distance adaption factonad a rather small influence on the
model's accuracy. For medium-sized kernels (30 -p8ihts) models with little distance
scaling actually fitted the testing points betteart the proposed distance scaling with d=1.
Moreover, those models generally included feweialdes on average.

In order to evaluate the predictors’ importancefthal local regression coefficients for each
testing point are saved and allow for later staastanalysis, for example counting the
regressions with coefficients unequal to zero fache participant or sum the absolute
regression coefficients by parameter. However,esihe best performing model has a large
kernel, those feature selection results are similahe variance importance identified by the
GLM. Hence, the assessment of the local predicbportance has been conducted on models
with 30 to 80 points per kernel, even if those weoé performing best in terms of accuracy.
Figure 15a provides an overview of the predictorgis depending on the bias factor. It can
be observed that neuroticism is the predominartigi@ gaining even more importance, if the
restriction is tightened (higher bias). Extrovensaind conscientiousness were found to be the
second most important predictors. However, thdluémce decreases, when the kernel size is
shrunken and the prediction consequently basedemerf neighbors. This is different than
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expected, because a local analysis usually incsehserelative importance of generally less
important variables. Even for kernels with lessntl3® points (< 10% of the sample size)
neuroticism is the only important predictor. Extdioarily increased weights for other
predictors are not observed. However, the unréstlicnodel (bias = 0) for small kernels
weights all predictors relatively equal with five 15 per cent of the total predictor weftjht
As seen in Figure 15b this includes an increasadhwéor the location variable. This has to
be treated with caution, because the underlyingptais not representative in this regard.
Moreover, the gender variable is comparably imprta the unrestricted model with large
kernel drops weight, when fitted locally.
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Figure 15a-b. Lazy lasso predictor weights (left: tin [30,80], right: t \in [150,200])

Since the lasso regression actually zeros unimpiogeedictors when called with sufficient
restriction via the bias variable, an analysish&f humber of coefficients unequal to zero per
predictor over all testing points is promising, .todgain, neuroticism, extroversion and
conscientiousness stack out as the most oftendedl predictors, followed by health and the
maximizer-satisficer measure (Figure 23). Whereditlocally with small kernel size, the
differences between predictors are less distinot. & average number of 2.5 predictors
neuroticism is for example included in 40% of altdl fitted regressions with small kernel (30
- 80 points) only, while included in over 65% ofetlregressions with larger kernels.
Correspondingly, variables not important in larggernels are included in local regressions
with smaller kernels more often. Nevertheless, ighlgkely to result from over-fitting the data,
since those small kernels result in significanglsd cross-validated accuracy (Figure 16a-d).

*9 Note in this regard that the lars algorithm calledeach local kernel environment individually fihi
the training points to zero mean and variance onedch predictor.
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Figure 16a-d. Lazy lasso: percentage of local lassegressions with predictor coefficient unequal
to zero (left: t\in [30,80]; right: t\in [150,200; top: measure relative to total number of
regressions; bottom: measure relative to total numér of regressions corrected with total number
of predictors per regression)

In general, differences for the predictors’ ordeneerning the frequency of coefficients
unequal to zero is not observed with different késizes. This once more supports that the
high predictor weight of the location for small kels is due to irregularities in the dataset.
However, the variables can be clustered into threaps by importance, which are on the one
hand fairly constant regarding the predictor weigihd the frequency of coefficients unequal
to zero and moreover correspond on the other hahdtie finding from the npreg algorithm
mentioned before (Table 4). Firstly, neuroticismtr@version and conscientiousness explain
by far most of the variance, neuroticism alone aye around 40%, if fitted with non-
parametric regression. Extroversion and consciestiess add another 10% of explained
variance after controlling for neuroticism. The @ed group includes the maximizer-satisficer
scale, health, optimism, agreeableness and gekdeecially for large kernels, the second
group accounts for significantly more predictor gieithan the remaining variables. Together
with the first group, the variables explain approately 47% of the variance between the
averaged HFS per participant. The third group gostdhe remaining predictors fairness,
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education, job, location and age, which were folildave a rather small influence and explain
very little variance after controlling for the gmmsione and two. Within the third group, age
and fairness are the most relevant predictors. dikision in three clusters is supported by the
findings of the npreg algorithm and furthermoreresponds with the separation in the linear
lasso regression on the whole dataset.

Table 4. Predictor importance by group. Note: Numbes in the second column indicate the
difference between RMSE of model including the grou as predictors and model including the
more important groups only; analysis conducted withnpreg algorithm.

RMSE contribution  Variance explained
to full model as single predictor

Predictors

Neuroticism 41 %
Extroversion 0.40 22 %
Conscientiousness 15 %

Most important
predictors (Group 1)

Maximizer
Health
Gender 0.04 8-12%
Agreeableness
Optimism

Moderately important
predictors (Group 2)

Age
Fairness
Job 0 0-8%
Education
Location

Less important
predictors (Group 3)

While the lazy lasso algorithm is capable of effextfeature selection and interpretation, it
does not allow for an overall picture of a singtedictor’s influence as for example the npreg
algorithm. The kernel-smoothing selects local eswinents around the predicted test points,
but does not currently save the bandwidth inforamath order to compute the complete partial
influence plot. Changes of local predictor impocem@long the predominant regression line of
neuroticism could be subject to further research.

Since this study’s sample is comparably small fa&r humber of predictors included in the
prediction models, an accuracy test for a reduesopte size is advised in order to test for
possible accuracy advantages from larger dataBeis test has been conducted for the neural
network model. The mentioned model was adapteddp btver different subsets of the sample
and apply the cross-validated neural network allgarion the subsets. Subsets including 50%



- 100% of the original dataset were tested. Thealenetwork was built with the two best
performing parameter sets identified before: thmelelen layers with 100 nodes each and four
layers with 40 nodes each. Results indicate thdhdu increases of the sample size do not
promise large accuracy improvements (Figure 17 RMSE curve already flattens for
training sets larger than 80% of the data avail&@82 points).
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Figure 17. RMSE accuracy gains with increased numbef training points for neural network

For further prove the same analysis has been ctediwath the npreg algorithm. However,
due to computational costs not the full 13-varigiredictor set, but the seven most important
predictors have been fitted. The results in Figli& support the implications previously
mentioned. An extension of the dataset does nonaatically lead to higher prediction results.
Contrarily, the npreg algorithm almost achievesrtteximum accuracy achieved in this study
with 60% of the training data.
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Figure 218. RMSE accuracy gains with increased nundp of training points for npreg
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Appendix Il Results of a Paired Sample t-test Cosidering

Posts and Comments of Germany’s Five Political Pads

Paired Samples Test

Paired Differences

95% Confidence

Std. Interval of the Sig.
Std. Error Difference (2-
Mean | Deviation| Mean Lower Upper t df | tailed)
Pairl  CDUCSU_comms
nts - 37750 87798 .10975 .15819 59681 3.440 |63 001
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Pair2 CDUCSU_comms
nts -
. -.02328 .20852 .02606 -.07537 .02880  -.893 |63 B75
DIE_Linke_comm
ents
Pair3  CDUCSU_comme
nts - .33047 .86925 .10866 .11334 54760 3.041 |63 003
DIE_Linke_posts
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FDP_comments
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Grine_comments
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Appendix IV Descriptive Aspects of the AMT Survey
Population Considering Mean HFS

The below boxplots indicate some of the descripéispects of the AMT survey population.
Under consideration are Human Flourishing Scorgs, gender, location, employment status,
and highest education level.
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3,95

3,624

3,381

2,921

2,307

1,427

105

T T T
1 2 3

Please name the city and country you live in.

6,13
5,77
543
5,15
487
4,67
4,47
4,20
3,95
3,62
3,38
2,92
2,30

1,427

o
-

Are you currently employed?

6,13
5,77
5,43
515+
4,87
4,67
4,47+
4,20
3,95+
362+
3,38
292+
2,30

1427

T T T T
0 1 2 3 4 5 6

What is the highest degree or level of school you have completed? If
currently enrolled, mark the previous grade or highest degree received.

T
8




Appendix V List of KIT Facebook Pages and their

Organization into Subgroups

Address
http://www.facebook.com/pages/Karlsruher-Institut-
f%C3%BCr-Technologie-KIT/107624245965021
https://www.facebook.com/UniKarlsruhe?rf=1123880854
516
http://www.facebook.com/pages/House-of-Competence-
HoC/359972890600

KIT
allgemein

https://www.facebook.com/Studipilot

https://www.facebook.com/KITStudyVisuallylmpaired
https://www.facebook.com/erasmus.ka

http://www.facebook.com/pages/KIT-
Bibliothek/155989387749416
http://www.facebook.com/pages/Ohrst%C3%B6psel-am-
KIT/281204658625762
https://www.facebook.com/pages/KIT-

Rund um die
Bibliothek

Page Name

(KIT)

(Uni Karlsruhe)

(KIT HoC)
Studierendenwerk Karlsr
uhe A6R

Study Centre for the
Visually Imparied
Students

(Erasmus Karlsruhe)

(KIT Bibliothek)

(Ohrst’psel am KIT)

Dreht%C3%BCr/437740246353305?fref=pb&hc_location=

profile_browser
https://www.facebook.com/FundstuckeAusDerKITBikfiet

k/

Fachschafte
n https://www.facebook.com/FachschaftWiwi
http://www.facebook.com/pages/Fachschaft-Architektu
KIT/121823821230771
http://www.facebook.com/pages/Fachschaft-
MaschinenbauChemieingenieurwesen-am-
KIT/111583662190017
http://www.facebook.com/pages/Fachschaft-Sport-

KIT/235706879823177

https://www.facebook.com/fsmi.kit

https://www.facebook.com/fachschaftchembio
https://www.facebook.com/GeistSoz
https://www.facebook.com/pages/Fachschaft-
Bau/191020064257178
https://www.facebook.com/pages/Fachschaft-Physik-an

KIT Drehtir
Fundstiicke aus der
Bibliothek

(Fachschaft
Wirtschaftswissenschaft)

(Fachschaft Architektur)
(Fachschaft
Maschienenbau/
Chemieingenieurwesen)

(Fachschaft Sport KIT)
(Fachschaft Mathe/ Unfo
KIT)

(Fachschaft Chemie/
Biologie KIT)
(Fachschaft GeistSoz)

(Fachschaft Bau)
(Fachschaft Physik)



Hochschulgr
uppen

der-Uni-Karlsruhe/154199824745188

(Hochschulgruppe Kino

KIT/ Akademischer
https://www.facebook.com/AFK.KA Filmkreis)
(Hochschulgruppe
https://www.facebook.com/debattekarlsruhe Debatte Karlsruhe)
(Hochschulgruppe
https://www.facebook.com/Amnesty.Karlsruhe Amnesty International)
http://www.facebook.com/pages/Juso-Hochschulgruppe-
Karlsruhe/276740170730?ref=stream (Hochschulgruppe JuSo)
http://www.facebook.com/pages/LEAN-Hochschulgruppe{KIT Hochschulgruppe
am-KlIT/136142666439378 LEAN)
http://www.facebook.com/pages/KIT-Hochschulgruppe- (KIT Hochschulgruppe
College-MV/284167611615533 College MV)
(Hochschulgruppe
Akademische
https://www.facebook.com/akaflieg.karlsruhe Fliegergruppe)
(International Affairs/
https://www.facebook.com/kit.international Internationals)
https://www.facebook.com/VWIESTIEM.KARLSRUHE?fr
ef=pb&hc_location=profile _browser VWI ESTIEM Karlsruhe
https://www.facebook.com/abgedrehtKarlsruhe?frekdpd Abgedreht - Die
location=profile_browser Filmgruppe am KIT
https://www.facebook.com/pages/KAMUN-Karlsruhe-
Model-United-
Nations/459879100709978?fref=pb&hc_location=profile KAMUN- Karlsruhe
rowser Model United Nations
https://www.facebook.com/AIESEC.Karlsruhe?fref=pla&h
location=profile_browser AISESEC Karlsruhe
https://www.facebook.com/kit.enactus?fref=pb&hc atic
n=profile_browser Enactus KIT

Engineers Without Borde
rs -
https://www.facebook.com/ewb.karlsruhe?fref=pb&locd Karlsruhe Institute of Te

tion=profile_browser chnology e.V.
https://www.facebook.com/pages/fuks/895166906613fre
b&hc _location=profile_browser fuks
https://www.facebook.com/crashkursefuks Crashkurse fuks
https://www.facebook.com/bikev Bdrseninitiative e.v.
Ophasen-Gruppe
https://www.facebook.com/brainreset.kit/ Chemiker&Biologen
https://www.facebook.com/pages/Studenten-fir-Kinder Studenten fiir Kinder
Karlsruhe-eV-SfKa/ e.V.
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Uni Sport/
Sportgruppe
n

https://www.facebook.com/kamaroengineering/
https://www.facebook.com/studentec/
https://www.facebook.com/deltaKarlsruhe
https://www.facebook.com/group54ka

https://www.facebook.com/RISK.KIT/

https://www.facebook.com/aegeeka

https://www.facebook.com/EWBIndiraGandhi
https://www.facebook.com/pages/Global-Marshall-Plan
Hochschulgruppe-Karlsruhe/

https://www.facebook.com/SchmitzKatzelmpro

https://www.facebook.com/kit.enactus.ziczac/
https://www.facebook.com/WollWerkKA

https://www.facebook.com/mercygroup/
https://www.facebook.com/Sprechreizkit/
https://www.facebook.com/TheaBib/
https://www.facebook.com/pages/CreatING/
https://www.facebook.com/AkademischerVereinKyrikln
Method/
https://www.facebook.com/HayekClubKarlsruhe

https://www.facebook.com/iaeste.germany.karlsruhe/

https://www.facebook.com/OpticsStudentsKarlsruhe

https://www.facebook.com/renewable.energy.challenge
https://www.facebook.com/KITcarTeam
https://www.facebook.com/KaRacelng/info

https://www.facebook.com/kine.Karlsruhe

https://www.facebook.com/msv.kit/

https://www.facebook.com/KITSportClub

Kamaro Engineering
Studentec

delta

Group 54

Risiko Initiative
Stochastik Karlsruhe e.V.
AEGEE - European
Students' Forum

Sonne fir ein
Kinderheim-Indien HSG
Global Marshall Plan
HSG

Schmitz' Katze
Improtheater

ZICzac - Zukunft,
Integration, Chance -
Enactus

Wollwerk

Mercy Group -
Ehrenamtliche HSG
Sprechreiz - Enactus
TheaBib - Enactus
CreatING
Akademischer Verein
"Kyrill und Method"
Hayek Club HSG
IAESTE LC Karlsruhe
HSG

OSKar - Optics Students
Karlsruhe e.V. HSG
reech - renewable energy
challenge HSG

KlTcar HSG
(KaRacelng)

Karlsruher Initiative zur
Nachhaltigen
Energiewirtschaft
Muslimischer
Studentenverein
Karlsruhe e.V.

(KIT Sport Club)



Institute/
Fachbereich
e

https://www.facebook.com/KITSCGEQUOS (KIT SC Gequos)

https://www.facebook.com/Waterpolo.KIT (KIT Waterpolo)
https://www.facebook.com/KitScHandball (KIT SC Handball)
https://www.facebook.com/uniliga.karlsruhe (Uniliga Karlsruhe)

(Heimspiel; Kneipe am
https://www.facebook.com/heimspiel.am.KIT KIT)
https://www.facebook.com/hochschulrudern.karlsritef? Hochschulrudern
pb&hc location=profile_browser Karlsruhe

https://www.facebook.com/tourEucor/info?tab=pagé in TourEucor
https://www.facebook.com/KitScFussball?fref=pb&taca

tion=profile_browser KIT SC
https://www.facebook.com/pages/Sportfreunde-Oettihg  Sportfreunde Ottinger
https://www.facebook.com/KITSCEngineers KIT SC Engineers
https://www.facebook.com/KitScFussball KIT SC FuRRball
Karlsruhe Storm
https://www.facebook.com/KarlsruheStorm Lacrosse
KIT Biergier
https://www.facebook.com/kit.biergier Sportmannschaft
https://www.facebook.com/pages/FoSS-
SportsCamp/317569028341621 FoSS-SportsCamp
https://www.facebook.com/KITInformatik (Informatiker)

http://www.facebook.com/pages/IfSS-Institut-f%C3%BC (KIT Institut f r Sport
Sport-und-Sportwissenschaft-KIT/242380065791821 und Sportwissenschaften)
(KIT Fakult,tf r
https://www.facebook.com/KITInfobau Informatik/ Infobau)
Institut flir Meteorologie
https://www.facebook.com/pages/Institut-f%C3%BCr-  und Klimaforschung, For
Meteorologie-und-Klimaforschung-Forschungsbereich-  schungsbereich Troposph
Troposph%C3%A4re/1425205657754671 are
https://www.facebook.com/pages/S%C3%BCddeutsches-
Klimab%C3%BCro-am-Karlsruher-Institut-f%sC3%BCr-  Sliddeutsches Klimabiro
Technologie/209452392507596?fref=pb&hc_locationfiprcam Karlsruher Institut fir

le_browser Technologie
https://www.facebook.com/KarlsruheServiceReseastfiln
ute?fref=pb&hc_location=profile_browser KSRI
https://www.facebook.com/pages/Karlsruhe-School-of-
Optics-and-Photonics-KSOP- Karlsruhe School of Opti
KIT/101876529856809?fref=pb&hc_location=profile o cs and Photonics KSOP (
ser KIT)

Institut for
https://www.facebook.com/regionalwissenschaft Regionalwissenschaft
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Innovation/
Entrepreneur
s/
Entwicklung

Hochschulp
olitik

https://www.facebook.com/KCETA.KSETA/

https://www.facebook.com/Institutl TAS

https://www.facebook.com/pages/Hector-School-of-
Engineering-and-Management/

https://www.facebook.com/MICMoR.ResearchSchool/
https://www.facebook.com/pages/Carl-Benz-School-of-
Engineering/102884716417714

https://www.facebook.com/heika.research/

https://www.facebook.com/DidaktikderMathematikKIT

https://www.facebook.com/ZAKKarlsruhe?fref=pb&hcclo
ation=profile_browser
https://www.facebook.com/ZentrumfuerMedialesLerrfem?
f=pb&hc_location=profile_browser

https://www.facebook.com/WMKstudium
https://www.facebook.com/foruminwi?fref=ts

https://www.facebook.com/KITInnovation

https://www.facebook.com/CIEKIT

https://www.facebook.com/Pioniergarage

https://www.facebook.com/UStA.KA

https://www.facebook.com/AKVS.KIT
https://www.facebook.com/fips.am.kit

https://www.facebook.com/tugendfuror

KCETA - KIT Center
Elementary Particle and
Astroparticle Physics
Institute for Technology
Assessment and Systems
Analysis

Hector School of
Engineering and
Management

MICMoR - Helmholtz
Research School

Carl Benz School of
Engineering

Heidelberg Karlsruhe
Research Partnership
(Didaktik f r
Mathematik am KIT)
ZAK | Zentrum fir Ange
wandte Kulturwissenscha
ft und Studium Generale
Zentrum fur mediales
Lernen

Wissenschaft Medien
Kommunikation

Forum INWI

(KIT Innovation)
(CIE (Center f r
Innovation und
Entrepreneurs))
(Pioniergarage/
Entrepreneurs KIT)

(Usta KIT)

(Arbeitskreis Verfasste
Studierendenschaft KIT)
fips am KIT
Tugendfurios -
Queerfeministischer
Lesekreis



Karriere/
Berufseinsti

g

Arbeitskreis
e

https://www.facebook.com/rosalistekarlsruhe/

https://www.facebook.com/gahgkarlsruhe

https://www.facebook.com/lhg.karlsruhe

https://www.facebook.com/galkarlsruhe

https://www.facebook.com/AlternativelListe

https://www.facebook.com/RCDSKarlsruhe

https://www.facebook.com/Semesterzeiten

https://www.facebook.com/AStA.KIT

https://www.facebook.com/KIT.CareerService?fref=ts

https://www.facebook.com/pages/Zentrum-f%C3%BCr-

Rosa Liste Karlsruhe
GAHG: grun-alternative
HSG Karlsruhe

Liberale
Hochschulgruppe
Karlsruhe

GAL - Grune Alternative
Liste am KIT
Alternative Liste
Karlsruhe

Ring Christlich
Demokratischer
Studenten Karlsruhe
Fir internationale
Semesterzeiten am KIT
(Allgemeiner
Studierendenausschuss
am KIT)

(KIT Career Service)
Zentrum fur Information-
und-Beratung-zib-am-

Information-und-Beratung-zib-am-KIT/172511296106594KIT

https://www.facebook.com/R2Bstudent

http://www.facebook.com/pages/Personalentwicklumg-a

KIT/146718152064171

https://www.facebook.com/ctjika?fref=pb&hc_locatiqumef

ile_browser

https://www.facebook.com/talKITKarlsruhe

https://www.facebook.com/unitheater

https://www.facebook.com/ustaunifest?sk=wall&fittér

https://www.facebook.com/SC2KIT

https://www.facebook.com/KITalumni

https://www.facebook.com/pages/Radio-

KIT/187986998001375?fref=pb&hc_location=profile_two

ser

https://www.facebook.com/KarlsruherTransfer

https://www.facebook.com/LeoClubKarlsruhe
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r2b-student
(Personalentwicklung am
KIT)

catch-the-job

(talKIT; Wirtschafts- und
Technologieforum am
KIT))

(Theater Universit,t)
(usta Unifest)

(KIT Starcraft 2
Tournament)

(KIT Alumni)

Radio KIT
Karlsruher Transfer
Leo Club



Musik

Social

https://www.facebook.com/Lehramt.at.KIT
https://www.facebook.com/pages/Fdérderverein-der-
Studierendenschaft-des-KIT/227038090726686
https://www.facebook.com/Vorlesungsverzeichnis
https://www.facebook.com/pages/KIT-Interkultureltb®it-
und-Wirtschaft/

https://www.facebook.com/pages/KIT-
Doktorandeninitiative/
https://www.facebook.com/startcampKA/

https://www.facebook.com/TAjournal
https://www.facebook.com/iMensaKarlsruhe

Lehramt am KIT
Forderverein der
Studierendenschaft
Vorlesungsverzeichnis

KIT Interkulturell

KIT

Doktorandeninitiative
Startcamp KA
Technikfolgenabschatzun
g und Praxis

Mensa App
DKMS-Typisierungstag-

https://www.facebook.com/pages/DKMS-Typisierungstagam-KIT-Studenten-

am-KIT-Studenten-gegen-Blutkrebs/
https://www.facebook.com/KEULE2012/

https://www.facebook.com/FFIKIT/

https://www.facebook.com/businessmasters/
https://www.facebook.com/InsideScienceKIT/

https://www.facebook.com/KITBigBand
https://www.facebook.com/pages/KIT-Konzertchor/

https://www.facebook.com/pages/Spotted-KIT/
https://www.facebook.com/KIT.Spotted
https://www.facebook.com/akkballkarlsruhe
https://www.facebook.com/pages/Karlsruher-Gespréche
2011/

https://www.facebook.com/pages/Verspottet-KIT/
https://www.facebook.com/nightline.karlsruhe/
https://www.facebook.com/unifest.karlsruhe
https://www.facebook.com/IslamMeetsKIT?fref=pb&hac |
cation=profile_browser
https://www.facebook.com/akk77

gegen-Blutkrebs

Keule 2012
Freundeskreis fur
Informatik am KIT
Business Masters -
International Case
Studies

Inside Science Magazion

KIT Big Band
KIT Konzertchor

Spotted KIT

Spotted KIT

AKK Ball

Karlsruher Gesprache
2011

Verspotted KIT
Nightline Karlsruhe
(Unifest Karlsruhe)

Islam meets KIT
AKK



Appendix VI Results of the Nearest Neighbors Anakis for
the KIT Facebook Network, k=5

KIT Group

Arbeitskreise
comments

Fachschafter
comments

Hochschulgr
uppen
comments

Hochschulpo
litik
comments

Innovation,
Entrepreneur
S,
Entwicklung
comments

Institute,
Fachbereiche
comments

Karriere,
Berufseinstei

g comments

k=1
11.045
Hochschulegr
uppen
comments
10.954

Social
comments

11.045

Social
comments

11.045

Social posts

10.770

Social posts

10.863

Arbeitskreise
posts

10.583
Musik

comments

k=2
11.045

Fachschafter
comments

11.045
Innovation,
Entrepreneur
S,
Entwickung
posts
11.045
Innovation,
Entrepreneur
S,
Entwickung
comments
11.136

Arbeitskreise
comments

10.863

Fachschafter
posts

11.045
Innovation,
Entrepreneur

S,

Entwicklung

posts

10.770
Rund um die

Bibliothek

k=3
11.045
KIT
allegemein
posts
11.045

Uni Sports
posts

11.045

Arbeitskriese
comments

11.136
Rund um die
Bibliothek
comments
10.954

Uni Sports
posts

11.045

Uni Sports
posts

10.954

Musik posts
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k=4
11.136
Hochschulpo
litik
comments
11.045

Fachschafter
posts

11.045

Fachschafter
posts

11.136
Institute,
Fachbereiche

posts
11.045

Hochschulgr
uppen
comments

11.045

Karriere
Beruftseinsti
eg posts

11.045
Fachschafter
posts

k=5
11.136

Social
comments

11.045

Hochschulgr
uppen posts

11.045

Arbeitskreise
posts

11.225

Uni Sports
comments

11.045
Innovation,
Entrepreneur
S,
Entwicklung
posts
11.136
Innovation,
Entrepreneur
S,
Entwicklung
comments
11.045
Karriere
Beruftseinsti




KIT
allegemein
comments

Musik
comments

Rund um die
Bibliothek
comments

Social
comments

Uni Sports
comments

Arbeitskreise
posts

Fachschafter
posts

Hochschulgr
uppen posts

Hochschulpo
litik posts

Innovation,

10.863

Uni Sports
posts

10.488

Musik posts

10.770
Karriere,
Berufseinsteig
comments
10.954

Fachschaften
comments

10.954
KIT
allgemein
posts
10.488
Karriere,
Berufseinstieg
posts
10.770

Karriere,
Berufseinstieg
posts

10.392
Institute,
Fachbereiche

posts
10.770

Uni Sports
posts

10.770

comments
10.863

Arbeitskreise
posts

10.583
Karriere,
Berufseinstei
g comments
10.863

Musik
comments

11.045
Hochschulgr
uppen
comments
11.136
Hochschulgr
uppen
comments
10.770
Institute,
Fachbereiche
posts
10.863

KIT
allgemein
posts

10.488
KIT
allgemein
posts
10.863

Arbeitskreise
posts

10.954

10.954
Institute,
Fachbereiche
posts
10.863
Rund um die
Bibliothek
comments
10.954

Musik posts

11.136
Institute,
Fachbereiche
comments
11.136

Social posts

10.863
KIT
allgemein
posts
10.863

Institute,
Fachbereiche
posts

10.677
Karriere,
Berufseinstie
g posts
10.954

Fachschaften
posts

10.954

11.045

Fachschafter
comments

11.045
Karriere,
Berufseinstie
g posts
11.045
Karriere,
Berufseinstie
g posts
11.136

Arbeitskreise
comments

11.136

Uni Sports
posts

10.863

Hochschulgr
uppen posts

10.863

Uni Sports
posts

10.863

Arbeitskreise
posts

11.045
Rund um die
Bibliothek
posts

11.045

eg posts
11.136
Hochschulgr
uppen
comments
11.136

Fachschaften
posts

11.136

Fachschafter
comments

11.136

Hochschulpo
litik posts

11.136

Hochschulpo
litik posts

10.863

Hochschulpo
litik posts

10.863
Innovation,
Entrepreneur
S,
Entwicklung
comments
10.954

Fachschaften
posts

11.045
KIT
allgemein
posts
11.045




Entrepreneur
S,
Entwicklung
posts

Institute,
Fachbereiche
posts

Karriere,
Berufseinstie
g posts

KIT

allgemein
posts

Musik posts

Rund um die
Bibliothek
posts

Social posts

Uni Sports
posts

Rund um die
Bibliothek
posts

10.392

Hochschulgru
ppen posts

10.488

Arbeitskreise
posts

10.488

Hochschulgru
ppen posts

10.488

Musik
comments

10.770
Innovation,
Entrepreneurs
, Entwicklung
posts
10.770
Innovation,
Entrepreneurs
, Entwicklung
comments
10.770

Hochschulpol
itik posts

Uni Sports
posts

10.677
KIT
allgemein
posts
10.677

Hochschulgr
uppen posts

10.677
Institute,
Fachbereiche
posts
10.863
Karriere,
Berufseinstie
g posts
11.045

Hochschulpo
litik posts
11.045

Hochschulpo
litik
comments

10.863

Fachschafter
posts

Hochschulgr
uppen posts

10.770

Arbeitskreise
posts

10.770
KIT
allgemein
posts
10.770
Karriere,
Berufseinstie
g posts
10.954
Institute,
Fachbereiche
posts
11.045

Institute,
Fachbereiche
posts

11.045

Fachschaften
posts

10.863
Karriere,

Berufseinstie
g posts
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Fachschafter
comments

10.863

Fachschafter
posts

10.770

Fachschafter
posts

10.863

Fachschafter
posts

10.954
Rund um die
Bibliothek
comments
11.136

Uni Sports
posts

11.136

Uni Sports
comments

10.863
KIT

allegemein
comments

KIT
allgemein
posts

10.954

Fachschaften
posts

10.863

Musik posts

10.863

Arbeitskreise
posts

10.954
Karriere,
Berufseinstei
g comments
11.136

Musik posts

11.136

Rund um die
Bibliothek
comments

10.954
Innovation,
Entrepreneur
S,
Entwicklung
posts
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