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Summary

Online social communities are among the most dsitebsites on the Internet. Although
there has been enormous growth in the past ydease tonline venues operate in an increas-
ingly saturated market with fierce competition. Gounity operators fight for active users,
who interact and share content with other usersrdier to ensure long-term success, com-
munity operators need to keep a sufficient numkieaative users in their community.
Thereby, community managers are concerned witrethhallenges: the acquisition of new
users, the activation of their members (making tleentribute more), and the retention of the

existing users.

Despite past research on online social commurstnesthe broad interest in social influ-
ence across different disciplines, surprisinglydits known about how the users’ social struc-
tural context affects participation in online commiies. Because users share relationships
with each other and interact in the communitysitof specific interest to understand how
these relationships and the position of the usethe overall online network influence their
behavior. Therefore, the present dissertation ges/an empirical investigation of the effects
of the social context on the users’ perceptionByag@articipation behavior and loyalty to the
online community. Because managing user acquisiictivation and retention is an impor-
tant task for community managers, these differaoetls are examined in three empirical stud-
ies. Study 1linvestigates how users coming from different ipggsonal acquisition channels
differ in their attitudes towards the community ahdir behaviorStudy 2observes the effect
of the users’ social structural context, attitueed motivations on their active participation in
the communityStudy 3is concerned with the effect of the user’s positimd engagement in

the online network on the decision to leave thenentommunity.

Study ldemonstrates that users coming from differentrjp@esonal acquisition channels
differ in their attitudes and behavior. The studyeaals that receivers of word-of-mouth show
more favorable attitudes and behavior towards tiim® community than users acquired by
firm-initiated personal selling activities. Word-ofouth referred users can identify more with
the community, provide more recommendations to roffemple to use the community and
show higher participation behavior on the platfdian those coming from personal selling.

Moreover, a differentiation in online and offlinewl-of-mouth recommendations reveals that
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offline-referred users are more beneficial for éimine community than online-referred users.
Offline-referred users are more satisfied with tdeenmunity, provide more offline recom-

mendations and participate more compared to uskeosraceived online referrals. The social

relationship between the sender and the receiveheoimarketing message is of particular
relevance to understand these effects. Neverthdlessstudy also shows that these channel
differences are partly explained by the users’edd@ht motives to use the community. Word-
of-mouth referred users in general, and offlineenefd users in particular, are more driven by
social needs. This affects their attitudes and Wiehaowards the platform. This knowledge

on interpersonal acquisition channels helps comiypwperators to better understand what
kinds of users are attracted and how to use diffesiequisition channels to build a balanced

customer portfolio.

Study Zprovides insights on the drivers of active usetip@ation, which is described by
the active contribution to the community and int&ien with other users. Based on social
capital theory, it is demonstrated that both strtadtand attitudinal factors influence user be-
havior. The position of the user in the network, égample how central he is to other users,
affects his active participation. Users with mamyntacts and users whose contacts do not
share many relationships with each other partieipadbre. In addition, meeting many of the
online contacts in the offline world leads to Ipssticipation. Further, attitudinal factors yield
additional insights, influencing participation irorobination with objective network data.
Here, satisfaction and identification with the coomty are found to be important drivers of
active user behavior. Importantly, the study alsows that users with different motivations
are affected differently in their participationidttherefore critical to understand what types of
users exist in the community and how they are natéd to use the platform. Overall, it is
observed that the individuals’ network structurks/@n important role in explaining partici-

pation behavior across different user groups.

Study 3investigates user retention. Because the onlinenmaanity market becomes more
saturated, it is more important for community maago retain their users to keep a critical
mass using the community. This study demonstraggstiie user’'s network position, the con-
figuration of the user's network of contacts ané #mgagement of the user in the online
community influence the likelihood of defection. elhesults show that users with a central
position and a close network of friends stay lonigethe community. In addition, a lower

share of contacts who already left the platform ahower number of contacts from the same
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region and of the same gender lead to a highdided that the focal user stays in the online
social community. The users’ active participatiard ébeing a verified member also affect
loyalty. These are important insights for commumitstnagers because they help to assess the
user’s risk of leaving the community and take measto keep them using the platform. In-
terestingly, some of the effects decrease over,tiwlgch has important implications for

community management and the timing of marketingas.

Overall, the present dissertation shows that tkeakoontext and the relationships to other
users of the online network contribute to a battedterstanding of user behavior. The results
suggest that community operators make use of stialcind attitudinal data in order to build
a strategic online community management. Basedhaninformation, specific marketing
measures should be developed to acquire, activateretain users. First, users should be
stimulated to provide word-of-mouth recommendatitm®ther people. Nevertheless, com-
munity managers should use different interpersanquisition channels to attract a balanced
customer portfolio consisting of different typesusfers in order to reduce the risk of being
dependent on just one user group. Second, communaibagers should use structural and at-
titudinal data to personalize information for indwal users on the platform and help them to
integrate better in the online network. This ddsa &elps to identify the most important users

and evaluate the risk of leaving the community.

Theoretically, this dissertation underlines theueabf social relationships for user behav-
ior. Social capital and related social conceptshep to better understand both structural and
attitudinal aspects in online social communitielse Different facets and dimensions of social
relationships and social capital, which are ingzged in the three empirical studies, are
linked to develop an integrated understanding a¥ Bocial capital and user behavior works

in online social communities.
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1 Introduction

1.1 Relevance of Online Social Communities for Marketig

In the past years, marketing transformed signifigarAlthough not a new medium, the
Internet gained more attention from marketerssaasage further increased and users became
more engaged in the online environment. Interneediding spending increased by 15 %
from 2009 to 2010 to reach US$ 26.0 billion in B8, surpassing newspaper advertising
spending to become the second largest advertisedjanbehind television (IAB 2011). This
highlights the growing importance of the Internsteamarketing and communications chan-
nel for companies and organizations. Most intemgbfi the former one-to-many communica-
tion of the marketers changed into a many-to-mamyraunication where users are becom-
ing more and more active in their behavior on therd/Wide Web. Thereby social media
plays an important role, which takes on many déférforms including weblogs, microblog-
ging, Internet forums, wikis, recommendation platis, social bookmarking, or online social
communities. For such services, user-generateccobig a key ingredient, which increas-
ingly attracts the attention of marketers and corexs. A Forrester Research study (Bernoff
2010) shows that 83 % of the US online adults &eady classified as active social media
users, who create content, use social networkiteg,gpost rankings and comments, tag and
vote for websites, or consume social media content.

Among different social media channels, online doctanmunities gained vast attention
in recent years. They can be described as socigkgagtions of people who form personal
relationships online through communication and raxt8on, often using public or semi-
public user profiles (Boyd and Ellison 2008; Rheilig1993)* Online social communities
significantly increased in popularity, where Faaglbs today’s largest social networking site
on the Internet with more than 800 million membe&rsp each produce more then 90 pieces
of content on average per month (Facebook 201X.idBs Facebook, there are hundreds of
other online communities in the market. AccordingHampton et al. (2011), nearly half of
all American adults use at least one social netimgrkite, with a growing trend. On such
sites, users can share their knowledge, experiemfesmation, and digital goods with their

peers through an easy-to-use online interface.

! The terms online communities, virtual communitiesijne social communities, and social networkiitgssare
used synonymously, although there might be sonferdiices in definition by different authors (cfapler 2).



This development provides great potential for memigeand online community operators
to gain value from these social conglomerationgemple. In fact, online communities can be
used to directly and indirectly generate revenuemany different ways. For example, com-
munity operators can monetize their members’ atienand behavior through advertising,
membership fees, or selling transactions, while mames can use such platforms to gain
customer insights, increase organizational efficyethrough knowledge transfer, or increase
customer loyalty towards products and brands (Algesheimer, Dholakia, and Herrmann
2005; Clemons 2009). In order to capture the ecan@utential and to be successful in an
increasingly competitive marketplace, an online samity must remain attractive for its
members and partners. Therefore, community operaied to keep a critical mass of active
users and ensure that new content is generateshgounsly and enough communication takes
place within the community.

This dissertation has the objective of providingigihts for online community operators
on how to become more successful, by answerinfptieaving questions: Which acquisition
channels work well in acquiring new users? What esakeir users contribute more content
on the platform? What keeps their users remaimnthé community for a longer period of
time? All three aspects are of significant valuetfee community operator, third parties who
are interested in advertising or transactions, asd for the community users themselves, as
this keeps their community alive. In the remainoliethis introductory chapter, the objectives
and research guestions are addressed, the relevftios study is discussed, and an outline

of the dissertation is presented.

1.2 Objectives and Research Questions

In the past 20 years, researchers from differestiglines have investigated the effects,
dynamics and value of online social communitiesuieers, operators and companies. A mul-
titude of scientific and practical work emerged fialds like marketing (e.g., Dholakia,
Bagozzi, and Pearo 2004; Woisetschlaeger, Harled Blut 2008), management (e.g., Arm-
strong and Hagel 1996), social-psychology (e.g, 2006), sociology (e.g., Wellman et al.
1996), or information systems (e.g., Wasko andjrR20@5). In marketing, the social context
in which customers act has become more importargdent years, which is promoted by the
network approach of marketing (Achrol and Kotler929 Algesheimer and Wangenheim

2006). Online social communities provide a richiglbenvironment because users are em-



bedded in a network of social contacts, which temwisible through friend lists and the ex-

plicit presentation of contacts on user profiles.otder to understand the key drivers of an
online community’s success, community operatorstrtake the social context and its influ-

ence for their individual users into consideration.

In fact, social network analysis gained increagiogularity in marketing to explain social
behavior and its effects (e.g., Brown and Reing@8i71 Katona, Zubcsek, and Sarvary 2011).
As users connect and interact with each other im®rcommunities, the users’ location
within the network and their relationship to thergounity are expected to influence their
behavior (Tsai and Ghoshal 1998). Despite the prente of the network perspective in
marketing and the growing popularity of online coomities as a research object to investi-
gate customer behavior, only few studies integr#itedeffects of the user’s network and its
social influence to investigate user behavior iinencommunities. In particular, recent re-
search incorporated a user’s network structurexpdaen adoption behavior (Goldenberg et
al. 2009; Katona, Zubcsek, and Sarvary 2011), nflaence of a user’s log-in behavior on
other user’s activity (Trusov, Bodapati, and Buak®010), and the overall success of open
source software communities (Toral et al. 2009h&ligh these research studies provide
valuable insights to our understanding of the éffexf social influence within online com-
munities, many knowledge gaps still exist.

This dissertation has the objective of gaining addal insights on how social aspects and
connections between users in online social comneagnéffect important factors of success
for community operators. To do this, three basientmership stages are identified, on which
community operators need to take action. First,roamty operators need to attract new us-
ers. This means, using different channels to com@tad convince people to join the commu-
nity. Customer acquisition should thereby functasnan important process that should bring
the “right” customers to the firm (Blattberg andiffgon 1996; Hansotia and Wang 1997).
Second, after the users sign up for the online conity, it is important to make them con-
tribute to the platform and interact with other ngsé€roviding enough new content and inter-
action to keep the current user base interestadercommunity should be a central goal.
Third, because of an increasing saturation of thiene community market, it is crucial to
keep the existing users. Retention of community b fosters the existence of a critical
mass and sufficient traffic on the platform.

The objective is to investigate the effect of tbeial context on user perceptions and be-
havior in online social communities. Thereforesttissertation provides empirical evidence

on influencing factors of attitudinal and behaviaatcomes, as well as recommendations on



how to establish an active online community envinent’> Because community management
deals with users in different phases of their ¢ijele, three empirical studies are conducted,
each addressing one stage of the generic membegdghviplopment procedsmentioned

above: user acquisition, user activation, and regention.

1.2.1 The Acquisition of Users in Online Social Commures

For online communities, it is important to maintairsufficient number of users to keep
the community alive and ensure interaction betwtensers. In order to reach this goal, new
users must be acquired not only during the grovialsp of an online community, but also in
a more mature state, because existing users sitog the community and new users can pro-
vide additional content. Therefore, an online comity’s goal should be to continuously ac-
guire new members. To achieve this, several manggegtommunication channels exist (e.qg.,
Borden 1964; Chen and Xie 2008; Duncan and Moria@98), through which an online
community can potentially attract new users.

Specifically, interpersonal communication is areefive means for acquiring new cus-
tomers and especially important for interactiveirmlservices. Past research has already
shown that word-of-mouth (WOM) is more effectiveathtraditional marketing channels
(e.qg., Herr, Kardes, and Kim 1991; Trusov, Bucklmd Pauwels 2009). This dissertation
calls for a more differentiated view. Considerihg social context of interpersonal commu-
nications, this study compares receivers of WOMmals with users acquired via the per-
sonal selling channel. As far as is known from pasearch, only the different effects of
WOM recommendations and personal selling concerthiegdecision making process have
been investigated (e.g., Katz and Lazarsfeld 194, the effectiveness of WOM and other
marketing channels in general have been compargd 8hmitt, Skiera, and van den Bulte
2011; Villanueva, Yoo, and Hanssens 2008). Theeefimis study provides a new perspective
on how customer- and firm-initiated communicatidiféer. Further, a distinction of WOM in
offline and online referrals is proposed. By thmst-adoption behavior and attitudes for
online- and offline-referred users are compareds Thmparison has received no academic
attention so far. In addition, customer motivatidois participating in the online service are

investigated, in order to take channel-specificr wdmracteristics into account. The motives

2 The empirical studies are presented in chaptetsafid 7.
% The membership development process and the usées’in their life cycle are described in moreaildn
chapter 2.4.3.



to use the online service are compared by integpatsacquisition channel and are tested for
the impact of motivations as mediating factors leetmv acquisition channel and the users’
perceptions and behavior. The results provide Wdumsights on how communication chan-
nels differ and what kinds of users, in terms @ifrtlattitudes and behavior towards the online
community, are attracted.

Altogether, three research questions will be ansdiefl) Do WOM-referred users differ
in their post-adoption attitudes and behavior camg&o users acquired by personal selling?
(2) Do offline-referred users differ in their pastoption attitudes and behavior compared to
online-referred users? (3) Do users from diffemyguisition channels differ in their motiva-
tion to use the online community, and does thisivatibn mediate the effects on user atti-

tudes and behavior?

1.2.2 The Activation of Users in Online Social Communige

After the users have been acquired by the onlimenaonity, it is important to facilitate
their participation within the community. Active ersparticipation is the central element for
an online community’s success, independent of dtmencunity’s business model and orienta-
tion. From a marketing perspective, community pgrétion can significantly impact the
customers’ loyalty and commitment to products arahtls through brand and consumption
communities (e.g., Algesheimer, Dholakia, and Hamm 2005; McAlexander, Schouten,
and Koenig 2002; Woisetschlaeger, Hartleb, and B0@8) or create value for other mem-
bers through user conversations and product reviewys Godes and Mayzlin 2004; Hennig-
Thurau et al. 2004; Nambisan and Baron 2007). Famynonline communities, member par-
ticipation is not only a means to strengthen a dhi@ncreate content in a cost-efficient way, it
is also an important outcome itself, as it affeetgenues through advertising (Clemons 2009;
Trusov, Bodapati, and Bucklin 2010). Therefore, agang participation behavior is an im-
portant marketing objective.

Despite the fact that social connections are tladation of online communities, an in-
depth analysis of the effects of the users’ pas#tim the network on their participation be-
havior is still missing. This study investigateg tkffect of online social structures and user
attitudes on participation behavior. Although rdcessearch utilized actor networks to iden-
tify the influence of users on other members indcbenmunity and to examine diffusion in
social networks (Goldenberg et al. 2009; Katondycdek, and Sarvary 2011; Trusov, Boda-

pati, and Bucklin 2010), there is a need to betteterstand the impact on an individuals’ ac-



tive community participation. Centrality measuregp-network density and the network’s
online-offline configuration are included in theadysis, which have not been used to get in-
sights on active user participation so far. Furthex value of additional attitudinal factors for
explaining active participation behavior in comtioa with objective network data is inves-
tigated. Thereby, social capital theory is usedrasdequate frame to study the influence of
these structural and attitudinal factors. The eff@n participation are compared for two user
groups based on their motivations to participatas Wifferentiation is expected to provide
further insights on how user groups need to beddeaccording to their needs.

Based on the relevance of online community paudiogm, three main research questions
are addressed: (1) What are the structural driferactive user participation? (2) How do
attitudinal drivers affect active user participation the presence of structural drivers?
(3) How does user motivation affect the relatiopsti the structural and attitudinal factors

on active user participation?

1.2.3 The Retention of Users in Online Social Communities

Registered members use the online community asdsnfpeir perceived benefits of the
membership are higher than their costs. Because #te many other online communities in
the market, built around different topics and gepties, they compete for the users’ atten-
tion. Though there has been enormous growth irpés¢ years, this development is slowing
down, where the trend shows some social mediauatggnong certain user groups of such
sites (Gartner 2011). Within a more saturated ntatke important for community managers
to retain their users, thus keeping a critical messg the community. Therefore, community
operators need to know what influences user deiesti

Recent research emphasized the importance of soflince on adoption and retention
behavior (Goldenberg et al. 2009; Katona, Zubcsek]i Sarvary 2011; Nitzan and Libai
2011). However, past research lacks empirical eme®f why online community users leave
the platform. This study is the first to investigahe impact of dynamic social structures on
user defection in the context of online communéyges. Based on social theories, the ef-
fects of online social structures and communityagrggnent are investigated. Specifically, the
users’ position in the network, the configuratidntlee users’ current network, and the par-
ticipation and engagement in the community arestestr their effect on user defection. An
important finding is that effects can change oweret thus these changes are given explicit

attention.



Getting a better understanding about user defediimae main research questions are ad-
dressed: (1) What are the structural drivers fomimers to defect from the online commu-
nity? (2) How does community engagement affectrtienbers’ defection from the online
community? (3) How do the effects on user defectisainge over time?

Overall, in order to keep an online community aetand attractive for its users, commu-
nity providers need to concentrate on all thregesta— acquisition, activation and retention.
All three studies are centered around the influesfale individual users’ network positions
and their social context within the online communithereby, all three contribute to a better
understanding of the importance of social relatigps and how the community operator can
use this knowledge to manage the community in ateagake it more successful. Failing at
a single point can have significant impact on therall performance of the community, and
therefore lead to decreasing value. For examptagiusers in the community are less active,
this results in less content and interaction onpilagform. Consequently, more members will
be dissatisfied and become completely inactive,usotg the platform anymore. In addition,
less content contributed can also decrease trectgness of the online community for new
users, which hinders prospective users to joirctmemunity. This illustrates that community
operators continuously need to track and managadtmty of their community. The differ-
ent stages are related to one another, so thadssidepends on the entire membership devel-
opment process.

1.3 Structure and Approach of the Dissertation

Because of the importance of user acquisition, asgvation and user retention for long
term community success, the research study prowdiesent perspectives on the member-
ship development process through the analysisesitithree topics. Multiple theoretical con-
cepts are used to facilitate the development ofésearch hypotheses. Most importantly, so-
cial concepts help to understand the interrelatadrice observed drivers and outcomes in the
online community. The empirical studies are coneldéh order to test the theoretically de-
rived hypotheses. In this way, insights are geedran the three generic stages of the process
of community building and maintenance for marketingnagers of online social communi-

ties. The dissertation is structured as follows:



Because of the large academic attention in recesutsy there exists a plethora of relevant
research on online social communities. This re$eaowvers a wide spectrum of topics. One
important aspect is the participation of usersuchscommunities, its influencing factors and
consequences. kection 2a basic understanding will be developed about whanhe social
communities are, how users participate in the conmties, and which relevant antecedents
and consequences of participation have been idcehiih prior research. Therefore, online
social communities are defined, different typeca@mhmunities and different types of mem-
bers are described, and the membership develogmecess and different roles in the users’
life cycle are introduced. At the end of this seictan overview of the most relevant factors
for community participation is provided.

Section 3includes the theoretical background for the redeguestions. Relevant con-
cepts of social theories are introduced for a bettelerstanding of the drivers of community
success. First, an overview of interpersonal comaation in marketing research is given.
This is particularly relevant for the user acquisitstudy. Second, important social network
concepts are described. Here, the increased paguddrsocial network analysis underlines
the value of such analytical tools for understagdidividual behavior in interactive social
contexts, like online communities. Further, anadtrction to social capital theory is given. In
social sciences, social capital theory has gaiigrfieant attention, as it helps to understand
what drives the value of relationships betweenraotathin certain social environments, like
companies, inter-firm networks, virtual groups,omiine communities. As online communi-
ties share the characteristic of being highly catime and being based on social relation-
ships, it has an inherent social value for the camitg. Additional social concepts, including
social identity, social exchange, social presence eollective behavior, are introduced,
which add to the theoretical foundation of the empl studies. Overall, different social
theoretical concepts are discussed, which providasis for a better understanding of user
behavior in online social communities.

After the theoretical basis has been laid outthinee empirical studies are described. The
empirical work is based on data from a local onkoeial community. The research design,
the research object and the data used in the exalpstudies are explainedsection 4

Sections 5, 6 and ®escribe different perspectives on user attitualas$ participation,
which contribute to each of the three stages —iaitoun, activation, and retention. First, the
effect of different acquisition channels on thetgadoption attitudes and behavior of the us-
ers is tested igection 5 Second, an empirical model to identify the magpartant predic-

tors of active user participation in the onlineiabcommunity is investigated isection 6



And third, factors influencing user defection ateserved insection 7 All studies base the
analysis on the social context in which the indiatdusers are acting. In each section, the
context of the respective empirical study is dématiand the results are presented. Each sec-
tion includes the relevance of the empirical analj@er marketing and online community re-
search, links the research focus to the theoryepted in section 3, theoretically develops
propositions on the influencing factors of useitaties and participation in the online com-
munity, and tests these propositions by means efuate empirical models. The results are
presented and the implications and limitationshefdtudy are discussed.

Section 8includes a summary of the results. The results filwe three empirical studies
are integrated into an overall discussion of thalifigs. Prospects on future research are

given at the end of this section.



10

2. Online Social Communities 3. Social Context of Communication and
Relationships - Theoretical Perspective

Interpersonal Communication Channg
Social Networks

Social Capital Theory
Further Social Concepts

— Description and Definition
Types and Classification
Community Value for Marketing
User Benefits and User Types
Online Community Participation

0

4. Three Empirical Studies on Network Structure, Atitudes and Behavior
in Online Social Communities
— Objectives and Research Approach
— Research Design and Data Collection
5. User Acquisition: A 6. User Activation: The 7. User Retention: The
Comparison of Inter- Effects of Individual Effects of Social Structure]
personal Acquisition Network Structure, and Engagement on
Channels for Online Attitudes and Motivation Defection from Online
Social Communities on User Participation Social Communities
— Relevance — Relevance — Relevance
— Theoretical Background — Theoretical Background — Theoretical Background
and Hypotheses and Hypotheses and Hypotheses
— Study Description — Study Description — Study Description
— Statistical Model and — Statistical Model and — Statistical Model and
Results Results Results
— Discussion, Implications,| — Discussion, Implications,| — Discussion, Implications
and Limitations and Limitations and Limitations

8. Conclusion — The Influence of Acquisition, Structoe, and Attitudes on User Behavior in
Online Social Communities

— Summary of Empirical Studies
— General Discussion of the Results
— Future Research Directions

Figure 1: Structure of the Dissertation



11

2 Online Social Communities

Online communities and social networking sites gdibroad attention from practitioners
and scholars in recent years. The usage of thdse arenues has experienced rapid growth
in the first decade of the new century. For exampéeebook is today’s largest community
site in the World Wide Web with more than 800 moilimembers (Facebook 2011). Sites like
Facebook or LinkedIn are among the most frequensiyed websites on the Internet (Alexa
Internet 2011). Thus, they play a significant rsle¢he daily (Internet) life of many people.
Today, nearly half of all American adults are mersb#& at least one online social commu-
nity (Hampton et al. 2011). Because of their highch and growing importance, it is not sur-
prising that scholars from different disciplinesbme interested in online communities as a
research topic. In fact, the literature on onlisenmunities increased dramatically, compris-
ing over 300 publications in the past 15 yearsi{e&009). Because of the multi-disciplinary
interest and the multitude of different online coumties in the marketplace, it is important
to have a common understanding of what online conities are. This chapter provides a
definition of online communities, discusses diffdaréypes of communities and roles of
members along their life cycle to better understdmsl phenomenon. Further, a broad litera-
ture review of the constituents, antecedents andamuences of online community participa-

tion is given.

2.1 Description and Definitions of Online Social Commuities

Online communities are not a new phenomenon. Laigre social networking sites like
Facebook or MySpace emerged, early forms of ontimemunities existed. Back in the
1960s and 1970s first computer networks were astedd to facilitate the connection be-
tween geographically dispersed people (Wellman. €i996). Over the years, different com-
puter communication systems have been developedex@wonnect users. For example, Use-
net newsgroups, bulletin board systems, E-ma# listchat systems have been used as some

kinds of virtual communities to exchange informatiand connect people electronically
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(Hauben and Hauben 1997; Rheingold 1998l}though different computer-supported social
networks previously existed, the research streaontifie (or virtual) communities started to
develop in the early 1990s. Howard Rheingold (19935) was one of the first authors to
form the term “virtual communities”, defining thems “social aggregations that emerge from
the Net when enough people carry on public disoassiong enough, with sufficient human
feeling, to form webs of personal relationshipscyberspace”. The most recent forms of
online communities are social networking sites. yrhan be described as “web-based ser-
vices that allow individuals to (1) construct a fplor semi-public profile within a bounded
system, (2) articulate a list of other users withom they share a connection, and (3) view
and traverse their list of connections and thosdentyy others within the system.” (Boyd and
Ellison 2008, p. 211). The difference between tleéinttions of online communities by
Rheingold (1993) and social networking sites by @aynd Ellison (2008) shows that defini-
tions depend on the focus of research and thetatien of the online community, sometimes
resulting in little overlap between definitions. Withe growth of online communities, many
scholars from different disciplines began to inigade various online social gatherings under
the label of online communities. Because of théediint research perspectives and the vari-
ous types of online groups observed, a versatil®fseerms and definitions emerged. With
respect to the focus of research, different dirmrsand specific aspects of online communi-
ties are more highlighted than others. In pastditee, no consistent definition of online
communities can be found. Therefore, several defims are compared in this section to
identify the most important dimensions and achiaveommon understanding of online
communities.

In fact, there exists a multitude of definitionsarfline communities in research. Table 1
gives an overview of relevant definitions of onlic@mmunities and social networking sites.
This list of definitions is neither exclusive nothaustive. Moreover, it should provide differ-
ent perspectives on how online communities canrukenstood. A review of these selected
definitions reveals the most important dimensioharoonline social community, which are
shared by several authors. These include useraredaips, social interaction, common inter-

ests, and virtual environments.

* This dissertation does not claim to exhaustivédguss the history of online communities. For aarview of
the historical development of computer networkdinencommunities and social networking sites seef@am-
ple Boyd and Ellison (2008), Hauben and Hauben ), 9%heingold (1993), and Wellman et al. (1996).
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(1997, p. 143)

Rheingold “Virtual communities are social aggregations thatege from the Net when
(1993, p. 5) enough people carry on those public discussiorg émough, with sufficient
human feeling, to form webs of personal relatiopshin cyberspace.”
Hagel and “Virtual communities are groups of people with coomrinterests and needs
Armstrong who come together on line. Most are drawn by thgodpinity to share a

sense of community with like-minded strangers, réigas of where they
live. But virtual communities are more than jusiogial phenomenon. Wha
starts off as a group drawn together by commonests ends up as a grouj
with a critical mass of purchasing power, partlgrtks to the fact that
communities allow members to exchange informatioswch things as a
product's price and quality.”

Kozinets
(1999, p. 254)

“Virtual communities of consumption’ are a specsigbgroup of virtual
communities that explicitly center upon consumptielated interests. They
can be defined as ‘affiliative groups whose onlimeiactions are based up
shared enthusiasm for, and knowledge of, a spemmiisumption activity or
related group of activities.”

Preece (2000,
p. 10)

“An online community consists of:

- People, who interact socially as they strive tosfatheir own needs or
perform special roles, such as leading or modegatin

- A shared purpose, such as an interest, needmatayn exchange, or servig
that provides a reason for the community.

- Policies, in the form of tacit assumptions, rigjgirotocols, rules, and laws
that guide people’s interactions.

- Computer systems, to support and mediate sodeaation and facilitate a
sense of togetherness.”

Balasubra-
manian and
Mahjan (2001,
p. 108)

“[...] we define a virtual community (in a relativeheutral way) as any entity
that exhibits all of the following characteristics:
It is constituted by an aggregation of people.
Its constituents are rational utility-maximizers
Its constituents interact with one other withphysical collocation, but not
every constituent necessarily interacts with ew¢her constituent.

. Its constituents are engaged in a (broadly ddjisocial-exchange proces
that includes mutual production and consumptiog. (@utual
dissemination and perusal of thoughts and opinidfijle each of its
constituents is engaged in some level of consumptiot all of them are
necessarily engaged in production. Such socialan@ (as opposed to
monetary or material exchange) is a necessary)diwlways the only,
component of interaction between the constituehtseoentity.

. The social interaction between constituents Ik@garound a well-
understood focus that comprises a shared obje@ige environmental
protection), a shared property/identity (e.g., aamal culture or a lifestyle

1.
2.
3.

U7

choice), or a shared interest (e.g., a hobby).”

Table 1: Overview of Different Definitions of O™i®ocial Communities
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Bagozziand |“We view virtual communities to be mediated sosigéces in the digital
Dholakia environment that allow groups to form and be suastiprimarily through
(2002, p. 3) ongoing communication processes.”

Ridings, Gefen
and Arinze
(2002, p. 273)

“Virtual communities can be defined as groups ajge with common
interests and practices that communicate regugantlyfor some duration in
an organized way over the Internet through a comiocation or
mechanism.”

Wiertz and de

“We define commercial online communities as firnsteal online aggregatio

Ruyter (2007, | of customers who collectively co-produce and corssgontent about a

p. 349) commercial activity that is central to their intsr®y exchanging intangible
resources.”

Boyd and “We define social network sites as web-based ses\ilcat allow

Ellison (2008, individuals to

p. 211) (1) construct a public or semi-public profile withh bounded system,

(2) articulate a list of other users with whom tlsésare a connection, and
(3) view and traverse their list of connections #mke made by others withi
the system.”

-

Table 1: Overview of Different Definitions of Omisocial Communities (continued)

User RelationshipsThe central aspect of an online community is th@adaelationship
between its members. Rheingold (1993) already esipéeh that virtual communities are
“social aggregations” on the Net and form persae#dtionships. With regards to a more
general definition of communities as “[...] netword&interpersonal ties that provide socia-
bility, support, information, a sense of belongimagd social identity” (Wellman 2001, p.
228), it becomes clear that it is the social cotinedhat constitutes a community, be it either
physically or in the virtual space. Those relatlops build the social context for interaction
between the users. In fact, most definitions carsid in Table 1 explicitly describe the so-

cial connection between people in online commusiéie a main element.

Social Interaction.Closely related to the relationship between memisetise aspect that
these members interact and communicate with edobr an the community, thereby ex-
changing ideas, information and knowledge. It s dmgoing communication that forms and
maintains these relationships (Bagozzi and Dhol2kid2). The members of an online com-
munity are engaged in social-exchange processésidiuall members are necessarily en-
gaged in content production (Balasubramanian ankjana2001). Thus, online communities
need social interaction between their members, wtiaes not always include constant activ-

ity of all members, but can also occur through rinfation consumption.
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Common InterestsA specific orientation and topic of the commurfiégilitates users to
share certain interests and feelings. On this waline communities bring together people
and make them form relationships based on theimoominterests (e.g., Hagel and Arm-
strong 1997; Ridings, Gefen, and Arinze 2002). Gtimmunity’s purpose and the associated
common interests of its users give the reasorh®community to exist (Preece 2000). Often
there is a theme which constitutes the communityekample sports, travel, jobs, or mother-
hood. Thus, interaction between members is oftiate to information exchange on particu-
lar topics like exchanging recipes and cooking tip@ community about culinary matters
(e.g., de Valck et al. 2007) or problem-solving &pecific services and products (e.qg.,
Dholakia et al. 2009).

Virtual Environment. As the name “online” community already indicatds formation
of groups takes place in the online domain. AltHoagcial ties from online and offline con-
texts often intertwine (Wellman and Hampton 1998 relationship and interaction of its
members occurs online. In online communities, lsdtAngers and people one already knows
can meet and interact. Even when people meet effthre online community is referenced to
their relationships and communications in the anlvorld. Thereby, the online community
website is the interface for users meeting in thiual space. The web-based service and
technology facilitates the online relationships aodial interactions, and accommodates the

virtual community of people (Boyd and Ellison 2068gece 2000).

Besides these four main elements of online comnasyibther aspects are included in
some definitions. For example, Preece (2000) umisrthe relevance of policies, rituals and
rules. They are important to ensure appropriateweh of its members in the community.
Often such rules and rituals are developed as acihs over time. Other authors emphasize
the commercial orientation of online communitiesr Fexample, Hagel and Armstrong
(1997) directly relate online communities to ecommutcomes. But as Kozinets (1999)
notes, commercial communities, like communitiec@isumption, are interpreted as a sub-
group of online communities. Therefore, the comna¢urpose is not a constitutive element
of an online community. It rather describes a certgpe of online community.

The definitions also show how online communitievadeped over time. In the first
online communities, like bulleting boards and Usegmups, people simply exchanged
knowledge and information on certain topics. Insthearly days most online communities
used only text-based communication, though writtend is still an important aspect of most
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newly emerged communities (Bagozzi and Dholakia220 recent years, there has been a
continuous development of online community and aoeetwork technology, which led to
new functionalities allowing for an increased aityivof users on the platform. The emer-
gence of social networking sites provides exterfdedtionality, like providing recommen-
dations and rate products and services, play sgaiaes, or use status updates to express
current feelings and opinions. As the definitionBdyd and Ellison (2008) points out, the
functionality to maintain a personal user profiledahe visibility of connections between
people is one of the latest developments of ontim@munities, which became standard in
many cases. These developments do not underminerihi@al understanding of online
communities, but rather emphasize its ability torext people and pursue social interac-
tions. At their core, both online communities aodial networking sites still fulfill the basic
purpose of enabling users to communicate and corwadlt each other, building personal
networks, as well as sharing user-generated co(Eakers et al. 2008). Thereby, social net-
working sites can be seen as a unique type of @glimmunities, with similarities regarding
their socializing aspects, but some dissimilanmtytheir motives and business models (e.g.,
Boyd and Ellison 2008; Trusov, Bucklin, and Pauwz99). Based on the different aspects
and definitions, the general terms “online commyindgr “online social community” are
mostly used in the remainder of this dissertatiavertheless, other terms like virtual com-
munity and social networking site are also usesyasnyms when talking about online social

communities in the following.

2.2 Types and Classification of Online Social Communiés

The existence of various online community defimds not surprising, because online
communities can greatly differ in their purpose afgective. In the online community mar-
ket, a diverse set of online community types cafolned. Because online communities have
been investigated from different research discgdjnvarious classification schemes on how
to describe the different types of communities hbeen proposed. Therein, online commu-
nity researchers set specific focuses in theiragof criteria to their classification approach.

Armstrong and Hagel (1996) provide one of the fiygtologies for online communities.
They base their classification of online commusita the purpose for which they are organ-
ized and the needs which are addressed by eachTtpg define four types, which are de-

signed towards customer-oriented communities: conitmes of interest, communities of re-
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lationship building, communities of transactiondaommunities of fantasy. Communities of
interest are formed by individuals who interacthwetach other based on some shared interest,
expertise, or passion such as sports, entertainmoerttaveling. The formation of personal
connections is strongly developed in communitiesetdtionships, which are formed by indi-
viduals with a need to come together and shareekfeeriences. Communities of transaction
facilitate economic exchanges through informatitvarsg related to those transactions.
Communities of fantasy provide people with the appaty to develop environments and
personalities in imaginary worlds of fantasy. Aduf types are directed towards the fulfill-
ment of specific user needs. However, for onlinecnities it is important to enable users
to satisfy multiple needs (Hagel and Armstrong 200®r example, a community about
motherhood would first cover the interest in infation about preparation and possible is-
sues of becoming a mother. Additionally, the cotinecto other users can help solve prob-
lems experienced in different life phases, prowgdéocial support as a community of rela-
tionship. Further, the community can provide valaahformation about child related prod-
ucts. Because online communities can cover more ¢ha of these four community types, a
clear distinction is hard to make. However, modtnencommunities primarily focus on one
of the four types.

Moreover, Hagel and Armstrong (1997) also proposeoae business driven typology.
Thereby, online communities can be differentiateth iconsumer-focused and business-to-
business (B2B) communities. Differentiating furtheonsumer communities can be focused
as geographic, demographic and thematic communBizB communities are further distin-
guished into vertical industry, functional, geodr&pand business category communities.

Another approach is proposed by Porter (2004).fB$tedistinguishes between member-
initiated and organization-sponsored communitidss View focuses on the establishment of
the community. Further, with respect to the relailup orientation, member-initiated com-
munities can be social or professional, while orgaion-sponsored communities are allo-
cated to commercial, non-profit and government comitres.

The major limitation of these typologies is thag ttategories do not clearly distinguish to
each other, but instead online communities mighgdently fall in more than one category.
Some community types overlap and a hierarchicaillogy is not always applicable. For ex-
ample in Hagel and Armstrong’s (1997) businessairitypology, thematic orientation on
motherhood includes a demographic focus on youngewoas well. In another example, or-
ganization sponsored commercial communities, lixeelbook, can also facilitate social inter-

action. Because large social networking sites egarozation sponsored a further differentia-
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tion of what they offer in their commercial commiigg is missing in the typology of Porter
(2004). In this respect, a hierarchical clustesegms to be informative, but not always help-
ful.

Other researchers did not develop certain classific schemes, but defined specific
types of communities according to their focus amel $tudy context. For example, online
communities are defined as communities of pracfMatthwick, Wiertz, and de Ruyter
2008), communities of consumption (Kozinets 199€lgctronic knowledge repositories
(Kankanhalli, Tan, and Wei 2005), brand communiti@ddgesheimer, Dholakia, and
Herrmann 2005; Woisetschlaeger, Hartleb, and BQA82, problem-solving communities
(Dholakia et al. 2009), online travel communiti®ang and Fesenmaier 2004a) or social
networking sites (Trusov, Bucklin, and Pauwels 20049l these various forms of online
communities cover one or more user needs and egetell to a specific purpose or topic.
Specific labels are useful to narrow down the footisesearch, but they do not contribute
significantly to form new typologies of online coranities. For example, brand communities
can be categorized as firm-initiated, commerciahcwnities fulfilling the function of com-
munities of interest and transaction. Social nekimgy sites are also firm-initiated, commer-
cial and facilitate relationships. At the same tithey might also focus on specific target
groups according to their age and geography. Taeamples illustrate that all together, the
dimensions of different typologies can help to éetinderstand the different contexts in
which online communities work. For this reason, @encomprehensive framework of differ-
ent dimensions is provided here, based on exisyipglogies as well as new categories de-

fined from practical examples. Figure 2 providesienmary of the different dimensions.

Initiator. The initiator of a community can be an organiaatiwhich includes companies,
non-profit organizations, and government organizegi (Porter 2004). On the other hand,
members or private persons could initiate commesitiased on their interests and ideas.
Though the border between member-initiated andnizgéion-sponsored communities can
be blurry, as the community might originate as membitiated, but then grows to a busi-
ness in its own and therefore becoming compangrganization-sponsored, as is the case of

Facebook

® http://www.facebook.com
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Dimension Category
Initiator Member-initiated Organization-sponsored
Living Environment Private Life Professional Life
Co_mmerplal Non-Commercial Commercial
Orientation
Commgnlty Core Business Support Function
Function
User Segment Consumer-oriented Business-to-business
Content Focus Geographic Demographic Thematic General
Needs Social Informational Entertainment Economic Other
(Relationship) (Interest) (Fantasy) (Transaction)
Content User-generated content Hybrid content
Closed
S Open (only with invitation)

Figure 2: Categorization Scheme for Online Comniesit

Living Environment. An intuitive distinction of communities can be neatchto profes-
sional or job-related communities and communitiestered around the private or social life
of its members (Porter 2004). Professional commasitould be directed towards a specific
profession, for example lawyers discussing jobteglanatters such as newest developments
in tax law. More generally, professional commusitedso include business networks like
LinkedIn® and Xind, which are focused on connecting business contdotsial communities
are established to connect people outside thefegsmn. For instance, motherhood commu-
nities are clearly categorized as communities aboets private life. Although professional
communities can become social and vice versa,dbesfof most communities on this di-

mension is obvious.

Commercial Orientation.Online communities can be differentiated accordiogheir
commercial orientation, and can be either commbigyailiven or not. Most large social net-
working sites are clearly commercially driven asitlobjective is to achieve profit. On the
other hand, non-commercial communities include elam like member-initiated brand
communities, which are established based on thessipn for a specific brand, like car or

motorcycle brands. However, if such brand commesitire firm-initiated by the owner of

® http://www.linkedin.com
" http://www.xing.com
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the brand, they are commercially driven, becausditim at least wants to increase the loy-

alty and identification with the brand.

Community Function. The function of the community relates to its ovie@djective.
When the online community is the core businessctmemunity itself needs to reach certain
economic objectives. For example, Facebook’s soaddorking site is its core business and
the company generates revenues through its comynubitline communities as a support
function are only part of the overall business niaaed support the core business of the
community operator. For example, this is the casebay, where the community supports

ebay users in using the auction website or buildis¢ronger relationship to the brand.

User SegmentAs suggested by Hagel and Armstrong (1997), ordoremunities can be
categorized as consumer-oriented and businesssiodss. In the B2B case, a firm-initiated
social network can be established for its busimessomers, providing a knowledge sharing
platform for users about their products. For exaripHirms may offer communities where
the users can exchange information on solving prablwith the software. On the other
hand, consumer-oriented communities, can, for el@ane related to a company’s products
and brands, or to the mass market which offersabo@tworking to everyone (e.g., Face-
book).

Content FocusMost communities focus on specific themes or taggeups, who are dif-
ferentiated along demographics, geographics, ampicdo(Hagel and Armstrong 1997).
Demographics can relate to age groups or genderXample, an online community for
young women. Geographies can be broken down, &tamee, by country, state, region, or
city. Topics can range from motherhood to car bsarfidm sports to health issues, and in-
clude any niche topic one can consider. Thoughetaeg some communities which are rather
of general nature like social networking sites.dbmok for example does not provide a spe-
cific topic orientation apart from ‘networking withthers’ and can therefore be considered as

a general community.

NeedsAs already described above, Armstrong and Ha@8g)Lclassified different types
of communities based on user needs. According éo' thassification, there are four main
user needs that are relevant for customer-orieatdthe communities: information needs

(communities of interest), social needs (commusitié relationship building), economic

8 http://hub.ebay.com/community
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needs (communities of transaction), and self-egpilon and entertainment needs (communi-
ties of fantasy). Besides those needs, there nigldther motives which drive users to par-
ticipate in online communities, for example the chder recognition or self-enhancement

(e.g., Dholakia, Bagozzi, and Pearo 2004).

Content.Customer participation in an online social commyén be seen as a form of
content co-production and can take different for@s:production on online platforms can
range from firm production to joint production asdlely customer production. In this con-
text, the first refers to no customer involvemeng(, traditional push-information websites
without community function) and the last to fullgar-generated content websites, with the
level of participation depending on the strategyhef platform. Although online communities
are mainly built to facilitate user interactiongth are many online platforms that provide a
hybrid content offering. This means that users ronte their own content, interact, and
share it with other users, but in addition the camity operator itself provides editorial con-
tent to the platform. There are many examples ol $iybrid-content online social communi-
ties. For example, news websites with communitycfamalities to comment and discuss
topics. Sports websites providing a community teetreports mates and make training ap-
pointments, but at the same time offering artidaseffective training. Or communities for
mommies, who discuss educational issues and getrteagvice offered by the community

operator.

Access.Online communities can be either open for redistnato everyone or exclusive
for people who receive invitations from other mensbar the operator. This could have im-

plications on the growth of the platform when ne¢myone is initially able to subscribe.

The overview of the different dimensions (Figurecah help to define and classify a spe-
cific community based on its characteristics. Tingle categories of each dimension are not
necessarily exclusive. They can overlap for spec@mmunities, for example, when differ-
ent needs (like social and informational) are astld simultaneously by the online commu-
nity. Further, the overview contains the most ratevdimensions and categories, but does not
claim to be completely exhaustive. Nevertheless cdtegorization scheme may help define a
relevant market position for an online communitype@tors can use the categorization to
identify attractive niche markets and differentitttemselves in one or several dimensions

against their competitors. For a competitor analyfsis is an important step. From a user per-

° See also chapter 2.4.1 for an overview of relewastives and needs in past online community researc
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spective it may clarify the value proposition oéttrespective community and what benefits

can be achieved by the use of a specific onlinenconity.

2.3 The Value of Online Social Communities from a Markéng

Perspective

The importance of online social communities for keters stems from the enormous
popularity they have achieved to date. With milarsf people active in online social com-
munities, such as Facebook, MySpace, LinkedIn,ingXhey offer access to a large group
of members. Consequently, online social communiigge a great potential to bring together
customers and organizations. However, online conitiegrchanged the way of communica-
tion from a one-to-many communication, where maafsejust try to reach a mass of custom-
ers, to a many-to-many communication, where custemegularly interact with each other
(Cothrel 2000; Hofmann and Novak 1997; Rheingol@3)9Online social communities can
therefore be seen as social networks with dirdetaction between its users (n:n), while the
traditional top-down communication (1:n) does nibdva for direct interaction between the
users on the platform (Weiber and Meyer 2002).gr&eng online communities in the mar-
keting activities of a firm innately changes th@qess of directing marketing measures to-
ward customers. There exists different alternatieesapture the value of online social com-
munities for marketing — some based on more ti@uli tools, and others opened up by new
opportunities that occur from the interaction ofrfs with their customers and among mem-
bers. The benefits of online social communitiesfions are presented in this chapter; the
benefits for the community members through neefillfnént are included in the next chap-
ter.

The interest in online communities is groundecdchm dpportunity for operators to directly
or indirectly generate value for the firm. Therebgmmunity participation can be translated
into monetary and non-monetary benefits for the rooimity operators and third parties in-
volved in them. In general, online communities gam value through (1) revenues from ad-
vertising, membership fees or selling transacti¢Bsjncreased customer loyalty and reten-
tion, (3) innovations derived through ethnograpbldservation of customers, or (4) increas-
ing organizational efficiency and effectivenessdaring knowledge, solving problems of
other customers, or providing self-service to emgds, experts, or other interest groups
(e.g., Algesheimer, Dholakia, and Herrmann 200%ntins 2009; Dholakia et al. 2009;
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Armstrong and Hagel 1996; Nambisan and Baron 20@7qrder to capture this value, a
critical mass of members (Markus 1987; Preece 20@09 show enough participation, inter-
action and contribution of relevant information,niseded. If there are not enough members
contributing, the value of the community is undered and it cannot survive for lack of con-
tent (Markus 1987; Morris and Ogan 1996)Therefore, online communities can provide

value to the community operator and marketersyalugh participation takes place.

(1) Advertising and FeesSimilar to traditional media, one main income aneof the
Internet is advertising revenue. In fact, Interadvertising spending increased to US$ 26.0
billion in the US in 2010 (IAB 2011), which emphaass the importance of advertising in the
online medium today. Further, many online commasitrely on advertising as their pre-
dominant revenue model (Enders et al. 2008). Aadngrdo eMarketer (2011), Facebook
achieved US$ 1.86 billion in advertising revenueldwide in 2010, where advertising ac-
counted for more then 90% of total revenue. Adserg is a significant revenue stream.
Online communities are of specific value for adigerts, because they allow for a more tar-
geted advertising than other media. Advertisersfoans on specific demographics and in-
terests of the users. Many online communities ptswide access to a targeted audience per
se, because they are directed towards a speqffic. tbor example, communities on mother-
hood would provide a good advertising platform &hild and pregnancy related topics.
Therefore, online communities represent a highisaetive and efficient way to reach cus-
tomerst! Although advertising is frequently used to generavenue for community opera-
tors, banner ads are often ignored or blocked blj-inuad-blockers, so that conventional
display advertising is becoming less attractivertiiar, targeted advertising and the use of
member data evokes privacy issues for the end Tikerefore, advertising concepts need to
be selected carefully.

A way to directly capture monetary benefits for coumity operators is to get usage, con-
tent, or transaction fees (Armstrong and Hagel 19@6nile usage fees are related to access-
ing the online community itself, content fees assogiated with the access to specific con-
tent, like articles, photos, or videos. Transactees are realized by selling products and ser-

19 Interactive media only become useful as more aodkmpeople adopt it. The size of the critical maste-
pendent on the type of online community, the d&éiniof the target population, and the purposéhefihterac-
tion. But all online communities require a criticahss of participants to supply enough contentaséic good
to survive (Morris and Ogan 1996).

" Note that advertising can also take different farsccording to the IAB (2010) there are eight typéad-
vertising formats: search, display/banner, classj lead generation, digital video, rich mediansprship and
Email. The relevant formats depend on the purgosetionality and content of the respective onlieenmuni-
ties. However, display/banner seem to be an impbei@ment for most communities.
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vices directly or through provisions paid for sucinsactions between the community users
and third parties. For example, online communiti@s sell products related to the topic they
are centered around or provide the platform foepitompanies to sell their products and
services. However, fees are not always favorabil@mitiine communities. Usage fees do not
encourage members to use all functionality andsudemot stay in the community for a long
time when the functionality is limited (ArmstrongdiHagel 1996). In the same way, mem-
bership fees would also hinder the growth of annentommunity, which is especially im-
portant in the growth stage to reach a critical snak members, who contribute content
(Hagel and Armstrong 2006; Rothaermel and Sugiy20@d.).

(2) Loyalty and RetentionOnline platforms like brand communities or problsatving
communities relate to consumption topics, produatands or services. They share the op-
portunity to increase customer loyalty and committrte those products and services (e.g.,
Algesheimer, Dholakia, and Herrmann 2005; Casdlvi&n, and Guinaliu 2008b). From a
customer relationship perspective, the communitpshé build a stronger tie between the
user and a company and its products. For examplé&pale community can bring together
Apple enthusiasts, who exchange information anceeepces about Apple products, which
in turn increases their loyalty to the brand (Sha@igen, and Liao 2006). In addition, users
expressing their loyalty and positive feelings todgaa certain product or brand can poten-
tially spread positive word-of-mouth recommendatiorother consumers in the online com-
munity, thereby increasing their interest and bgyimentions (e.g., Chevalier and Mayzlin
2006; Hennig-Thurau and Walsh 2004). A potentiegdhto firms is the occurrence of nega-
tive evaluations of products and services. The yrets of products and providers of services
might profit from getting deeper knowledge aboulufas of products, as this helps to find
improvement potential. However, the emergence ghtiee word-of-mouth communication
or even hate communities can have a significanaghpn sales. For example, Chevalier and
Mayzlin (2006) show that the impact of one-starie@s on online book review sites is
greater than the impact of five-star ratings, ssggg that negative WOM has a higher effect
on buying behavior.

(3) Customer InsightsOnline communities are valuable sources for custoimforma-
tion, because they provide an unobtrusive way tfrgeaccess to customer opinions by ob-
serving public conversations. This can help todsaihderstand how customers use products
and services, what factors they take into consimeravhen buying products or potential
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problems that might occur with the usage of prosluParticularly, online communities in-
volving product evaluations and ratings can provideresting information for producers. In
fact, online community members can act as a sofbais group, which discusses specific
product related topics (Hagel 1999). Kozinets (30t#Is this type of market research “net-
nography”, which is ethnography adapted to theystidnline communities, but faster, sim-
pler, and less expensive than traditional ethndgrapnd more naturalistic and unobtrusive
than focus groups or interviews. A careful evalatof user discussions can also reveal in-
novative ideas and consumer insights, leading telnproduct concepts by investigations
that begin with netnography (Kozinets 2002). Soimad observe public discussions for in-
novation management, with examples coming from adgerpcontrolled music instruments
or car communities, which make use of this infoioraprovided by its users (e.g., Henkel
and Sander 2007; Jeppesen and Frederiksen 20@6pugh, netnography and user informa-
tion in online communities provide valuable insght has some limitations of which market
researchers must be aware. Qualitative investigatimnline communities narrows the focus
on its members and is dependent on the interprekidis of the researcher, which might lead
to difficulty in generalizing results to groups sige the online community sample (Kozinets

2002). However, it is a cheap and easy way to galimable information from the customers.

(4) SynergiesOnline communities can also capture synergiedh siscreducing service
costs (Hagel and Armstrong 2006). Online probletaisg communities can provide peer-
to-peer customer service, where users exchangeeam®n how to deal with specific prob-
lems or how to make better use of a product orieenexamples include forums on statisti-
cal software packages, where the users help eaeh wi find the right solution for their sta-
tistical problems. Also knowledge sharing commuasitcan help to enhance organizational
processes by providing access to the experiencé&rang-how of other users, thereby reduc-

ing search costs.

The discussed benefits show that the value of edommunities is versatile and depends
on the business model and objectives. Although semiae communities do not have an in-
tention of generating monetary benefits (e.g., manmntitiated communities), the majority of
large public online communities have a commeraitdriest. The commercial role of online
communities gained importance for community opegatmd sponsors in order to ensure its
sustainability and generate value (Hagel and Amonst2006). As previously mentioned, it is
critical to have a sufficient number of users tgkpart and contributing to the online com-
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munity to achieve the described benefits. If a sgns up for an online community, and
there are no other members interacting or sharifggrmation, it is not very valuable for that
user. Community operators need to consider theradgas and disadvantages of each form
of benefits, the type and context of the partic@ammunity, and its objectives in order to
make the right choice about how to capture theevalutheir online community. Eventually,
marketers should use online communities as a phatfor collaboration marketing, that is to
listen to the customers, integrating their inpudl @eveloping a broad relationship (Hagel
1999).

2.4 User Benefits and User Types in Online Social Commities

2.4.1 User Benefits of Online Social Community Usage

From a member perspective, the value of partigigatn an online community comes
from the fulfillment of specific member needs. Aating to the different types of communi-
ties defined by Hagel and Armstrong (2006), whioh laased on certain member needs (i.e.
communities of relationship building, of interest transaction, and of fantasy), the members
essentially profit from (1) social support and tielaships, (2) information exchange, (3) eco-
nomic benefits, and (4) entertainment. (1) Paraiotp of online communities can fulfill so-
cial needs by connecting with other community membénding new friends and like-
minded people, as well as getting social suppoenvexperiencing problems in their lives.
For example, online communities about illness agvkese diseases (like cancer) can help
people to express their fears and hopes and exehaeg experience with others. (2) The
information provided by other members on certapid® can help to solve specific tasks and
gain additional know-how. Knowledge sharing andopem solving communities take a vital
role in this respect (e.g., Chen and Hung 2010;|&8X@ et al. 2009). The social capital that
lies in the connection to other members in the comty makes it possible to achieve bene-
fits from knowledge and information exchange. (8pBomic benefits can arise when ex-
changing information and experiences about thehase and consumption of products and
services. This can help in making the right buysiegision, for example getting a better deal
when planning to purchase a product. Furthermdre,information users share with each
other on products and services can also be sesvo@sof-mouth that takes place in an
online community. Product recommendation and ragitagforms are popular places to pur-

sue this activity. Because word-of-mouth is peredias more trustworthy and risk reducing
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than other marketing communication channels, in&drom from other customers can take an
important role in purchase decision making (Arn864; Murray 1991). (4) Entertainment
and recreation can also be achieved in online camtres. Here, users can potentially take
on roles of virtual characters and play games twgetr just consume text, photos and videos
to have fun.

Ridings and Gefen (2004) basically confirm thatstheategories cover the most impor-
tant motives to join online communities. They idked information exchange, friendship,
social support, and recreation as the main reasopsining. They also demonstrated that the
reasons differ depending on the community type.séquently, there might be other needs
relevant for the users to participate in an onineial community, depending on the purpose
of the community. Dholakia, Bagozzi, and Pearo @0fetermined purposive value (as a
form of information needs), self-discovery, socghancement, maintaining interpersonal
connectivity, and entertainment value as the mativas for using online communities. In
that respect, they add to the proposed categofieagel and Armstrong (2006) the social
enhancement motive, which is an extrinsic motiv&amted with the user’s social status in
the community. Self-discovery might be relatediie tommunities of fantasy and interest,
because those communities might specifically h&dpférm, clearly define and elaborate on
one’s own preferences, tastes, and values” (DhaldBagozzi, and Pearo 2004, p. 244).
Overall, information, social, entertainment, andriesic benefits (e.g., economic benefits or
status seeking) are considered the most importameflis for online community users, be-
cause they are frequently mentioned in recent eniommunity studies (e.g., Dholakia,
Bagozzi, and Pearo 2004; Park, Kee, and ValenZ@)9; Sangwan 2005; Wasko and Faraj
2000)*2

2.4.2 ldentification of Different User Types in Online Sxal Communities

Motivation-Based TypologyTo identify different types of users, one approacto cate-
gorize them based on their needs. Hennig-Thurall €004) used the users’ motives to par-
ticipate in web-based opinion platforms in ordecctone up with a user segmentation. Four

different clusters were identified based on thel®f motivation in each categdfya) ‘self-

12 Chapter 2.5 includes a review of the effects ef usotivation on user participation in recent erngpironline
community studies.

13 The eight motivational factors are: platform assise, venting negative feelings, concern for otiogsum-
ers, extraversion/positive self-enhancement, sbenéfits, economic incentives, helping the company
advice seeking (Hennig-Thurau et al. 2004).
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interested helpers’ appear to be strongly driveretynomic incentives, b) ‘multiple-motive

consumers’ are motivated by a large number of diffefactors, c) ‘consumer advocates’ are
motivated predominantly by the concern for otherstoners, and d) ‘true altruists’ appeared
to be both strongly motivated by helping other econers as well as helping companies
(Hennig-Thurau et al. 2004). Overall, it is eviddmat users can gain different benefits from
participation in online communities. Several matiwas may work at the same time at dif-
ferent levels. Therefore, it is important for oglicommunity operators to address multiple
user needs to be successful. Further, the cluslsosshow different participation levels. For
example, multiple-motive consumers, scoring higlmsalmost all dimensions, showed the
highest contribution activity and visit frequenay tne platform (Hennig-Thurau et al. 2004).
For community operators, such a segmentation stgyges they may need to develop differ-
ent strategies for encouraging participation batrasmong their users. Although this seg-
mentation provides valuable information for thigafic community, relying on an existing

typology can be misleading. Therefore, operatomukhrun their own segmentation as the

motives and their respective levels differ acragmmunities.

Participation-based TypologyAs is evident from the results of Hennig-Thurauakt
(2004), not all users participate equally. Becauesticipation is critical for the existence of
online communities, a more popular differentiatmmmember types is based on the mem-
ber’'s participation behavior. A first distinctiorart be made between members and non-
members of the online communitylembersare people who registered for the online com-
munity. Accordingly,non-membersare not registered. The reason for not being a lmem
might be twofold: either they have never been whig community or they unsubscribed with
the online service. One important goal of commuboijpgrators is to turn non-members into
members and retain existing members in order totaiai a sufficient number of users on the
platform. For example, marketing efforts must beden& gain recognition of the online
community and to communicate its benefits to attneev members.

It is important to note, that members can also mdoactive memberswhen they stop
using the platform without de-registration. Suchmmbers are still members in the broader
sense, but they are not active anymore, that mis@ysdo not log in the online community,
neither to post nor to consume content or surkttee The definition of inactivity is most of-
ten based on the customers’ last activities (8\Mjibben and Wangenheim 2008); for exam-

ple, users who have not logged in for more thaaethmonths could be classified as inactive
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(cf. Chapter 7 for a description of user defectioran empirical study of this dissertation).
Active memberson the other hand, regularly log in and use tadggrm.

When looking at the group of active members, thestncommon generic typology is to
differentiate between posters and lurkénsrkers are still active, but they merely browse the
platform and consume content (Madupu and Coole@RQurkers visit and use the commu-
nity, and they participate by reading the postetbérs, spending significant amounts of time
doing so, but they do not post messages (Riding$erG and Arinze 2006). Lurkers are
mostly invisible for the rest of the community mesndy because they do not share any in-
formation and do not interact. On the other hgmuktersare those people who contribute
content and interact with the community and its rbers. A poster adds to the discussion and
actively invests time and effort in the online coomty (Ridings, Gefen, and Arinze 2006).
They are important to bring new content to the camity and keep the community alive.
The share of lurkers to posters depends on thedfygemmunity, but there are indications
that there are much higher numbers of lurkers imyr@nline communities (e.g., Nonnecke
and Preece 2000). Although a large amount of acoramunity participation stems from
only few users of the total customer base in mases (e.g., de Valck, van Bruggen, and
Wierenga 2009), it is important to note that notyatontributors build the community, as
lurkers can become contributors over the time.Heaurtlurkers browse the site and consume
information, which can also lead to increased pag®essions, and consequently higher ad-

vertising revenues.

Online Community

Members Non-Members

Never )
Active Inactive Registered De-Registered

Posters Lurkers

Figure 3: Typology of Online Community Users bagedctivity and Participation
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Figure 3 provides an overview of the generic tyggldiscussed. There are many possible
ways to segment users and to describe differemistgb users, which depend on the purpose
and the functionality of the online community. Coomity operators should define criteria
relevant to their specific community in order td ga appropriate classification of users in
their online network. However, the basic distinotibetween members and non-members,
active and inactive users, and lurkers and postieesdy provides a useful basis for using

dedicated marketing communication to these diffewser groups.

Further Differentiation of Posters and LurkersThe poster-lurker dichotomy is useful,
but a finer granularity may provide community opiera and researchers with additional un-
derstanding when looking at those two user groRpmings, Gefen, and Arinze (2006) define
three groups of users instead of two: lurker, posted infrequent poster. In particular, they
further differentiate posters. Infrequent posteesdefined as users who mostly show passive
participation, such as lurkers, but also contritot@nd interact on the platform in irregular
intervals. Consequently, posters contribute mogeilegly, for instance, in the case of Rid-
ings, Gefen, and Arinze’s (2006) study this is fourmore times per month. In fact, the au-
thors demonstrate that the two poster groups difféheir levels of trust and motivation to-
wards the online community, thereby justifying &lier breakdown of posters.

In another empirical study, de Valck, van Bruggam] Wierenga (2009) present a classi-
fication based on the participation of the usertenms of their frequency of visits, duration
of visits, retrieved information, supplied infornmat, and discussed information. They identi-
fied six distinct clusters: a) ‘Core members’ reganet the most active participants within the
community, who score far above the mean on albbées (~6% of respondents). b) ‘Conver-
sationalists’ make frequent, but short visits, #mely participate to a relative high degree in
supplying and discussing information. In particutdrey show a relative high level of en-
gagement in forum discussions and chat sessior®4~f respondents). c) ‘Informational-
ists’ show relatively high participation in retrieg and supplying information, but they score
low on discussing information; their visit frequgrend duration is comparable to that of the
conversationalists (~14% of respondents). d) ‘Hadibyvisit the community frequently for
an extended time, but they show low levels of imfation retrieval, supply, and discussion
(~17% of respondents). e) ‘Functionalists’ onlyrieste information to a larger degree, but
show low participation with regards to visit freqpag and duration, information supply and
discussion (~28% of respondents). f) ‘Opportunistsire far below the mean on all five clus-

tering variables. Therefore, they are the leasv@aand least regular participants (~25% of
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respondents). Overall, this classification demaies that there are only few users, particu-
larly the core members and partly the conversaligtsaand informationalists, who contribute
to a larger extent. Most users are less activelglued in the community.

An even greater granularity of activities is usgdAtarcon-del-Armo, Lorenzo-Romero,
and Gomez-Borja (2011) to come up with differenérugypes of a social networking site.
Their segmentation is based on the frequency byglwhsers perform 20 different activities
on the platform. Four different segments have b@mained. “Introvert users” are the least
active users, using the social networking site hgaio send E-Mails. “Novel users” occa-
sionally contribute to the platform, mainly by comnicating with friends, sharing comments
and messages, and spend more time on the siteirttianerts. “Versatile users” perform
many different activities, although occasionallyney do not only use the community for
communication with friends. Finally, “expert-commcettors” pursue a great variety of ac-
tivities with a higher frequency. They are the madive group of people. Again, these clus-
ters differ in their usage intensity. But usersiirdifferent clusters also show distinct motiva-
tions to use the site as well as different numlbérsontacts in the community (Alarcon-del-
Armo, Lorenzo-Romero, and Gomez-Borja 2011). Faneple, expert-communicators are
not only most active, but they also have the highamber of contacts.

These three recent empirical studies showed diffetser segments based on more
granular activity categories. The results indidasg in most online communities lurkers and
members who barely contribute make up the largadtqf users in the community. In con-
trast, the most active members with the highesl$eof contribution and interaction make up
smaller proportions of the online community popioliat This group of people is of specific
interest for operators to ensure a sufficient nunadbenformation is exchanged on the plat-
form. In between are users who show moderate gaation patterns, and who can show high
intensity in a few specific activities. Communitgerators might address each customer seg-
ment differently, according to their participatipatterns and their needs for interaction and
information exchange in the online community. Farketers and scholars it is therefore im-
portant to understand what influences user pastmp, and how users of different segments
can be stimulated. Thus, it is the aim of this elitegion to gain further knowledge on the in-
fluencing factors of user participation, which deessed in the empirical investigations in

chapters 5, 6 and 7.
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2.4.3 The Development Process of Users in Online Sociah@nunities

In this section, a more dynamic perspective on tygers is presented along the life cycle
of online community members. This provides furtimsights on how different user types de-
velop over time. An understanding of this dynamacspective should also help to set the re-
search focus of this dissertation in context, wiheeempirical studies of this work are tar-
geted to get insights at specific stages of the bseship development (cf. chapter 4.1).

As already shown, online community users differtheir participation levels. In the
course of their relationship with the online comiityynusers can evolve to take on different
roles and represent a different member type. Thegebelonging to a specific user type is a
rather dynamic than a static classification, beeamser their life cycle users can fall in dif-
ferent categories of user roles. “From a firm’sspective, customer life cycle can be best
understood as a series of transactions betwesidirtihand its customer over the entire time
period the customer remains in business with tme. fCustomer life cycle varies from busi-
ness to business and customer to customer and loewldort or long depending on the nature
of business of the firm, the profile of its custosjeand the interaction between the firm and
its customer” (Jain and Singh 2002, p. 35). In aline community, the user life cycle refers
to the entire time the user is in a relationshiphvihe community. Considering the life cycle
of the members provides a more dynamic perspectiveow the members might develop
over time. The classical poster-lurker dichotomyl @iso more granular classifications of
user-types describe rather static typologies oinentommunity users. However, user par-
ticipation behavior in online communities is moreeailse and flexible, and users can also dy-
namically switch between different roles. Theretiygy can be lurkers at one point in time,
and posters at another point. Depending on theaictien and participation with the online
community, individual users belong to varying usgres. Instead of solely using active and
passive participation behavior, some researché&es damore process oriented view and in-
clude the users’ involvement in the online commyumat distinguish different user roles. In
the following, different concepts are presentedicivtare based on a dynamic interpretation
and evolution of the member roles.

The typology of users often follows different stadbey take in order to develop in the
online community (Hagel and Armstrong 2006). Thgpital” membership development
process from an operator perspective contains dtages. (1) Attract members: community
operators need to get attention for the online camity. Similar to other products and ser-

vices potential customers need to be convincedytthe service, i.e. become members by
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registering and try out the online community. (2prRote active participation: the next step
is to make the members participate more activélgy tshould visit the community more of-
ten and spend more time using the platform. (3jelase loyalty: facilitate relationships to
other members and to the community operator. lgeati member should be lost due to de-
creasing interest or competition. Therefore, ustantion is of high importance. (4) Generate
profit: the commercially oriented operator wantgtofit economically from their members,
for example through advertising or fees (cf. chaft8 for different options to generate value
for the operator). The last stage is often realimethe course of user participation through
page impressions in advertising-based business Imiddevertheless, other business models
would, for example, thrive on converting the menshieto premium members, paying extra
fees to have access to more functionality (e.gagXiom) or make them purchase products
and services via the online community. Figure Usiltates these four stages.

Promote
Participation

Build Loyalty Realize Profits

Attract Users

m Marketing m Stimulate membersto = Relationships between = Business opportunities
Communications produce and members m Targeted advertising
= Relevant content contribute content m Relationships of a Fees for additional
» No membership or m Integrate third party members to services
usage fees content community operator/
host

m Customized
interaction

Source: Adapted from Hagel and Armstrong (1997, p. 106)

Figure 4: Membership Development Process

Within this membership development process, usandake different roles that represent
different levels of value contribution to the commiy. Hagel and Armstrong (2006) de-
scribe four types of users: browsers, builderkdrs, and buyers. Browsers are new mem-
bers, who explore the platform without obligatiomdaommitment, and who show low usage
intensity. Browsers are of low economic value, they can develop to lurkers or builders.
Lurkers spend more time in the community than bergsthey consume content and use in-
formation, but are also of lower economic valueildirs are engaged in the community,

they spend a lot of time in the community and dbaote to a high degree. Buyers are those
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members, who actively purchase products and seviEnerate provision fees, and provide
high economic value. Nevertheless, the role of gnot existent in every online commu-
nity, and depends strongly on the purpose and tgscof the community. If the community
does not provide the sale of products, buyers wooldbe present. Hagel and Armstrong
(2006) emphasize, that most users will most likedy be assigned to one single role but take
on different roles in different situations.

Another approach of classification is based onubers’ level of involvement with the
online community and the consumption activity. Kuts (1999) determines four member
types in communities of consumption: “Tourists” Baveak social ties to the community and
only superficial interest in the consumption adsivi‘Minglers” maintain strong social ties,
but have minimal interest in the consumption attiviDevotees” have weak ties, but show
strong interest and enthusiasm in the consumptitimiges. Finally, “insiders” have strong
ties to the community and to the consumption agtivihe core segment is represented by
insiders and devotees, who tend to be the mostriamtatargets for marketing, because they
appear to be loyal heavy users (Kozinets 1999)rdJsan progress from a visitor towards the
insider over time by gaining experience and gettmgnow the group of members.

Kim (2000) describes five stages of community mensiti@: visitors, novices, regulars,
leaders, and elders. While visitors have not regest yet on the platform, novices are regis-
tered members, but they still have to be introduceitie online community and need to learn
how the community works and what the rules andsrale. Regulars are more experienced
members, who know how to find information, how teeuthe functionality of the online
community and how to interact with other peoplacedhtly. Leaders are user who take im-
portant roles, help to integrate novices and supgher operations of the online community.
Elders are less active than leaders, but theyoauggtierm users of the community who “give
the place a sense of history, depth and soul” (RG00, p. 119). This five-stage life cycle
helps to understand different user roles in esthbtl online communities. However, it does
not give objective criteria to identify the differteuser roles. It only implicitly relates to the
intensity of user participation. Over the coursetled membership, users evolve to become
more and more active, until they reach the stagbetlder, where they reduce their partici-
pation intensity.

One limitation of the life cycle model of Kim (2008 that the membership develops
through the different stages. Sonnenbichler (2@i0)ds upon Kim’s (2000) generic com-
munity membership life cycle model, but includefettent development paths between the

different roles, which makes the model more appgalde suggests six roles in the user life
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cycle: visitors, novices, actives, passives, legsdmnd trolls. Other than Kim’s (2000) roles of
visitors, novices, and leaders, he defines acfigssive, and troll users instead of one role of
regulars. Essentially, actives and passives refgrosters and lurkers/infrequent posters, as
defined above. Trolls take a more negative rold, ae defined as users who want to disturb
the community and cause trouble. The advantageoohé&hbichler's (2010) model is that it
allows for a more flexible development of userstioer roles, not only forward development
to become more active and involved, but also baokwlavelopment to reduce involvement
and activity in certain time spans. The paths fama user type to another are more flexible.
While visitors can only become novices, novices dawelop to take the role of trolls, ac-
tives, or passives. Actives can either becomestrplissives or leaders. In this respect, actives
can either show higher commitment to the commuaitgt be rule and opinion makers in the
role of leaders. But they also can show negativeer and become trolls, or they show no
active participation and become passive users.iRagsers can become active, thereby ac-
tively contributing. And finally, leaders can takestep down to become actives or passives,
or also become trolls. The different developmenhgashow, that each user can move be-
tween roles and be active, passive, or a leaderrdles are not static and individual users do
not necessarily have to evolve only in one diregtibey can also become more passive over
time again. Overall, the generic roles provide efuisunderstanding for community operators
on how the user base of their community is strectuand what activities could be taken to
improve the community.

Table 2 summarizes the different typologies presgim this chapter. Some typologies
are conceptually developed, while others are gafrmt empirical research. The different
typologies help community operators to better usiderd their members’ participation be-
havior and needs in the community. The life cyciespective shows that user roles can
evolve and change over time, but not only in omedtion. Although usually involvement
increases with the duration in the online commynisers can become more or less active in

the community over time, until the user ends thati@ship with the online community.
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Authors Criteria for Classification User Types
Hagel and Armstrong Online community user types; staticBrowser
(1997) perspective; generic classification « gyilder

« Lurker

* Buyer
Kozinets (1999) Online community of consumptione Tourists

member types; based on social andpinglers
topical involvement; dynamic

. . . ... *Devotees
perspective; generic classification

« Insiders

Kim (2000) Online community member roles; ¢ Visitors
dynamic perspective; generic « Novices
classification

* Regulars

 Leaders

« Elders
Hennig-Thurau et al. User motives to participate in web» Self-interested helpers (34%)
(2004) based opinion platforms; static  « Multiple-motive consumers (21%)

perspective; empirical classificatiop ~,,sumer advocates (17%)

« True altruists (27%)

Ridings, Gefen, and Contribution to the online * Lurkers

Arinze (2006) community; static perspective; . |nfrequent Posters
empirical classification « Posters

de Valck, van Participation in the online « Core members (6%)

Bruggen, and community, including visit « Conversationalists (10%)

Wierenga (2009) fr?quengy, visit_dur?tion, | . « Informationalists (14%)

information retrieval, supply an .

discussion; static perspective; * Hobbyists (17%)

empirical classification « Functionalists (28%)

« Opportunists (25%)

Alarcon-del-Armo,  Types of social networking site  « Introvert (19%)
Lorenzo-Romero, andusers, based on frequency of « Novel (25%)
Gomez-Borja (2011) different activities; static « Versatile (36%)

erspective; empirical classification .
persp P « Expert-communicator (20%)

Sonnenbichler (2010) Online community member roles; e Visitors
dynamic perspective; generic « Novices
classification

 Actives

« Passives
* Trolls
 Leaders

Table 2: Selected Overview of Different User Tyg@s and Roles

Particular types of members and different stageeermembership life cycle require spe-
cific marketing activities accomplished by the coomity operator to make the platform
more successful. It is important not to treat evagmber the same as they obviously differ
significantly in their relationship to and partiaion in the community. What is common in

most typologies is that there are specific groupsooe users (also called leaders, experts,
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heavy users, builders, etc.), who are of speatfigdrtance, because they increase the amount
of contributions and content on the platform (ettagel and Armstrong 2006). Those most
active users must be retained and kept activeivasembers might be activated to become
active members, so that more content is generatddhee interaction in the community is
increased. Further, communities should also beasted in winning new members, because
the loss of some passive and active members cdmenavoided. The objective of the com-
munity operators is to attract a high number ofvactisers, make passive users active, and
retain the active users on the platform in ordeerteure that the overall number of members
and the proportion of active members are on aaefft level. Thereby, user classification
helps to better understand the structure of thm@®mommunity, and consequently identifies

measures that should be taken to keep the patimipat a healthy level

2.5 Online Community Participation — A Literature Review

Traditionally, marketers are interested in custob®ravior and why certain behavior oc-
curs. Online communities have become an intereséisgarch object in academia because of
their ability to investigate the dynamics of custwnbehavior in these communities and the
interaction between their members. After the puabicn of the work of Rheingold (1993)
and Hagel and Armstrong (1997), different reseatcbams started to elaborate on the im-
portance of user participation in online commusiti@lthough marketers have been quite
effective at developing an understanding of ontommunities and their usage, a systematic
overview of the antecedents, constituents and cpesees of online community participa-
tion is still missing. This section provides a laaverview of past research studies. It further
outlines some important research gaps and apprsadheh should be addressed in research
on online community participation, and which intfagll be addressed in the empirical stud-
ies of this dissertation. Therefore, this revievalso meant to provide a basis for the empiri-
cal studies presented in chapters 5, 6 and 7.

Because online community research is multi-discaly, studies from different disci-
plines are considered to cover a versatile and sathof relevant influence factors. This in-
cludes for example studies from the areas of meudetnd management, information sys-
tems, knowledge management, organizational reseanchsocial-psychology. Thereby, dif-
ferent perspectives can provide valuable insigmshow online community participation

works and what its marketing-relevant causes andaxuences are.
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Although conceptual as well as empirical studiestrgouted to online community par-
ticipation research, this literature overview fogsion empirical studies which provide evi-
dence for causal relationships between user paation and its antecedents and conse-
guences. Empirical studies test the theoreticadlyetbped hypotheses on the relationships
between different variables. Such statistical tpstwide concrete insights on these relations
and are therefore of high value. Further, empirgtatlies have already been widely used in
online community participation research, which akdor a broad review of relevant studies.
Following that, those research studies are takém account, which used a construct or
measure that can be directly referred to partimpain an online community’ Because the
focus of this dissertation is related to the indial-level of user behavior, rather than an ag-
gregated or macro-level of overall participationonline communities, the literature over-
view is concentrated on the user-level perspective.

First, a description and definition of online commity participation is given, followed by
an overview of research studies from different igigtes, which investigated important fac-
tors associated with user participation. From tvsrview a framework of antecedents and
consequences of online community participationesveéd and the gains and gaps of recent

empirical studies are discussed.

2.5.1 Description and Measurement of Online Community Riaipation

In order to establish a successful online community/important to reach and maintain a
sufficient level of user participation. User pafgigtion and engagement have been acknowl-
edged to take on a central role in online commesitn order to keep the community attrac-
tive, retain members and create value for the {grg., Hagel and Armstrong 2006; Bagozzi
and Dholakia 2002; Butler 2001; Casalo, Flaviand @uinaliu 2007; Woisetschlaeger,
Hartleb, and Blut 2008). In a general sense, ontm@munity participation is described as
the behavior of members within the online communitynterest. Thereby, it is necessary for
users to register and log in the online commumitgrider to take advantage of its functional-
ity, published information and social interactioMembership alone does not imply partici-
pation. In fact, online communities do not only @@enodate active users, but also inactive
‘ghost’ accounts. Such inactive members do notigpate on the community website any-
more, although they still might be members. Coneatly, users do not provide value to the

14 Only ‘online’ community research is consideredtiis literature review.
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community and the operator when inacttv@herefore, in this review community participa-
tion does not simply mean community membershipgather requires active community
membership, and is associated with users who legéhshow onsite activity.

It is the ongoing participation of its members,itivellingness to use the community, as
well as to contribute to the community that creatakie for other members and keeps the
community alive. If there is too little social inéetion, because of an insufficient number of
members and contributors, this can lead to the vt the online community (e.g., Preece
2001). Because of the interplay between commuiiy ahd communication activity (which
is a form of benefit creation for the members dmel community operator), it is critical to

hold a certain level of activity to sustain the counity (e.g., Butler 2001).

Different Types of Participation.Participation can take on different forms in online
communities. Relating to the already describedrdison between lurkers and posters (see
chapter 2.4.2), participation can be either passivactive. Lurkers visit and use the online
community and are active members, but they meteywspassive participation, browsing the
platform and consuming content instead of postirgssages (Madupu and Cooley 2010;
Ridings, Gefen, and Arinze 2006). Therefore, pasp@rticipation is characterized by activi-
ties like reading posts and articles, browsingifsfof other members, watching photos and
videos, or searching for relevant information andwledge. The value of lurking lies in the
consumption of information. For community operatqassive participation is important be-
cause it can generate revenue, for example, inrtising-based business models through ex-
posure to online ads and the selling of the memléention to advertisers (Ridings, Gefen,
and Arinze 2006). Further, passive participatiolpsi¢he users to understand the community
better, and lurkers can potentially turn into cdmttors (e.g., Nonnecke and Preece 2001,
Ridings, Gefen, and Arinze 2006).

On the other hand, posters show not only passivtealbo active participation. They con-
tribute content and interact with the community &sdnembers. Thus, active participation is
the main element to keep the online community adimd provide it with endurance (Hagel
and Armstrong 1997; Rheingold 1993). Without actisers producing public content and
interacting with other users, the online commumitpuld lose its capital and its members be-
cause they are not stimulated by new and dynamitent For example, social networking

sites like Facebook are dependent on their usergributions, because the posts of one’s

!> Because inactive users do not contribute anynmtieet value of the community, they are not of iesefrom
a customer behavior perspective. Though, it h&®tooted that wining back such users can be anrtango
activity for community operators.
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friends build the core information provided to isembers. An empty newsfeed of the
friends’ activities would undermine the value oé tonline community platform because of
the lack of relevant content and information. Thes is true for other kinds of online com-
munities. When there is no valuable information amdraction on the site, the community
members would lose their interest. Therefore, agharticipation and social interactions are

at the heart of online social communittés.

Operationalization and Measurement of User Partiafjon. Past research has investi-
gated active and passive participation in onlinmranities, as both types of participation
are important for the success of the communityn3lating key user behavior into a consis-
tent operational definition has proven to be clmglieg. Because various research disciplines
studied online communities from different perspexgiin the past, it is not surprising that
this led to versatile operationalization of onlc@mmmunity participation. For example, some
studies on knowledge sharing communities build ugpenvolume and quality of knowledge
contributions by community members (e.g., Chen Hiodg 2010; Wiertz and de Ruyter
2007), while others use more general participabnahcators like frequency of visits (e.g.,
Dholakia, Bagozzi, and Pearo 2004; de Valck e2@0.7; Hennig-Thurau et al. 2004) or will-
ingness to use the community (e.g., Chen 2007; danand Bush 2005). Because online
community participation has been operationalizedterd and applied in numerous ways, an
overview of different operationalization and measoent alternatives is provided. This
should help to better understand the differenttfaoé community participation investigated
in past studies.

Frequently, data on user participation is colleaatploying user surveys and observing
user behavior. In questionnaires, participatioriieer measured on Likert-type scales (e.qg.,
Casalo, Flavian, and Guinaliu 2008a; Hsu et al72@® by directly asking for the quantity of
contributions, visits, or time spent using the camity (e.g., Chen and Hung 2010;
Dholakia, Bagozzi, and Pearo 2004; Hennig-Thuraal.e2004). Likert-scales are used to ask
about the user’s perceptions or intentions of pigtion in the respective online community.
While some studies use items and constructs touneadse current behavior (e.g., “I usually

actively share my knowledge with others”), othersasure the intentions of participation

' One might argue that the community operator couldlish content in the community to keep it aliVéis
can help stimulate the participation of the usHimwever, if the users do not talk about the pulelisbontent
and interact with each other, but rather consunigtbe content provided by the community operatioe,
community would turn more into a one-way commundaratmode, providing its users with content and not
forming relationships between users. Consequettigyonline community would loose its character @i a
community without active participation and intefantbetween users.
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(e.g., “l intend to continue sharing knowledge hstdiscussion forum”). According to the
theory of planned behavior, behavior is directlhated to and follows behavioral intentions
(Ajzen 1991). In fact, it has been demonstrated ¢coanmunity participation is affected by
intentions to participate (Algesheimer, DholakiadaHerrmann 2005; Dholakia, Bagozzi,
and Pearo 2004). Therefore, behavioral intenti@msalso provide insights on participation
behavior in online communities.

Alternately, objective data uses member activigt ls either tracked by the community
operator or collected through content analysishenwebsite (e.g., Wasko and Faraj 2005;
Wiertz and de Ruyter 2007). Objective data hasrag¢avantages. It can help to address
some relevant issues of self-reported marketingares such as common-method bias (Pod-
sakoff et al. 2003) or recall of actual behavi@etions. It provides an accurate and unbiased
measure of participation. Consequently, it wouldthe preferred method to get data about
user behavior. Nevertheless, due to limited actesdbjective data sources, in past studies
the prevalent method used to get information alboatmunity participation has been the de-
ployment of self-reported survey measures.

Independent from the source of the data, be itreplbrted or objective, both active and
passive participation have been measured and Adthdugh some researchers investigated
both active and passive participation in one st(elg., Kang et al. 2007; Chen and Hung
2010; Koh et al. 2007), most studies measure edherof the two participation types. Pas-
sive participation is often measured in a more gerferm, asking for frequency of use, time
spent in the community, intention to keep on usorghow many posts have been read (e.qg.,
Dholakia, Bagozzi, and Pearo 2004; de Valck e2@Q7; Lin 2007; Wang and Fesenmaier
2004b). General measures of participation, likegasaequency and time spent on the plat-
form, cover the overall behavior using the platforfhereby, they can also include active
participation behavior. However, because passivewer often occurs to a larger extent
than active behavior (Nonnecke and Preece 2000grgkparticipation measures are consid-
ered to capture rather passive participation. @nother hand, active participation is mainly
described by the number of contributions and wgliess to actively contribute content (e.qg.,
Koh and Kim 2004; Wasko and Faraj 2005). The cdeciem of active user participation
depends on the functionality and purpose of themerdommunity, which are determined by
the community operator. With the advancement oftaligechnology and social software,
functionality and interactivity within online commities increased over the past decade and
resulted in more and more possibilities for useradtively participate. Today’s online social

communities offer a wide variety of functionalitgchapplications, for example to write mes-
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sages, guestbooks and status updates, to poskeprdgbrmation, comments in discussion
groups, pictures and videos, to chat, to play game® use social apps. Basically, the par-
ticipation in the online community is predetermirsed also limited by the functionality pro-
vided on the platform. However, most online comntigsiprovide similar basic functionality
which enable active participation. Thus, past neseaften refers to writing messages, post-
ing in discussion groups or forums, uploading cofiter more generally sharing knowledge,
or providing information.

Table 3 shows a categorization of the different sneament approaches used in the past
and examples of operationalization. The first disen differentiates between self-reported
guantitative, self-reported Likert-scaled perceptrad intentional, and objective measure-
ment. The second dimension distinguishes betweéimeaand passive participation. Al-
though many alternative operationalizations of yseticipation exist, the common objective
of recent studies is to identify how participatisnnfluenced and what consequences it has.
Different perspectives on participation can evelp lte develop deeper insights into online
community participation. As both active and pasgagticipation can create value for the
community operator and the community members, arvew of studies which employed
active participation, passive participation, orthathould provide a better understanding of
its antecedents and consequences. Nevertheless, inteepreting the results of empirical

studies, one should consider how participationessared.

Active Online Community Passive Online Community
Participation Participation
Self-Reported, Likert- “I post messages with excitement and  “l intend to read a lot of posts in the
Scaled Data of User very frequently on the Online future” (strongly agree — strongly
Participation Perceptions =~ Community Site” (strongly agree — disagree)
and Intentions strongly disagree) “l intend to visit XXX in the future”
“How likely are you to contribute (strongly agree — strongly disagree)
content to the Online Community in
the future”

(very likely - very unlikely)

Self-Reported, “How many messages do you post “How many posts do you read per
Quantitative Data on User  per week?” week?”
Participation -Number of comments published” “How many times do you visit the
(1-10; 11-35; 36-99; 100+) Online Community per week?”
Objective Data of User Number of knowledge contributions Number of posts read
Participation .
Number of photos uploaded Number of logins

Hours spent on the platform

Table 3: Examples of Online Community ParticipatMeasurement
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2.5.2 Different Research Perspectives on Online Commurigrticipation

Given that online community research is multi-di$iciary, factors associated with user
participation have been studied from various anglékile some aspects are of general im-
portance across disciplines, other elements aspe@dific interest only for a certain research
stream. However, most studies are related to tee af marketing and management or in-
formation systems. Therefore, a closer look isaie these two research areas.

In marketing and management studies, the importahcser participation is underlined
by its influence on loyalty, recommendation behawnd transactional behavior (e.g., Alge-
sheimer et al. 2010; Kim, Lee, and Hiemstra 2004j3&tschlaeger, Hartleb, and Blut 2008).
In fact, research in the area of marketing and m@ment has mainly investigated behavioral
and transactional outcomes of online communityiggetion. This is probably based on its
specific interest in the value for the firm. Altrgiudifferent types of communities are deter-
mined as research objects, brand and product-detatenmunities take an important role in
marketing research. Because brand communities emtered around specific brands and
products, antecedents and consequences of usergadion do not only refer to the commu-
nity itself, but also to these brands (e.g., Cadalavian, and Guinaliu 2008b; Shang, Chen,
and Liao 2006). Typical concepts related to manige&nd customer relationship manage-
ment, like satisfaction, loyalty, WOM, trust, andnemitment, are well established when re-
searching user participation from a marketing pecpe. Nevertheless, marketing and man-
agement studies often take a multidisciplinary apph in observing community behavior.
Often, early online community studies approachedahestion why users participate and in-
vestigated the effect of different motivations, ad&eand benefits on the users’ behavior (e.g.,
Bagozzi and Dholakia 2002; Hennig-Thurau et al.£28ang and Fesenmaier 2004a). Many
marketing studies are also based upon social ayghpgical theories to understand the in-
fluences of user participation.

Information systems research is often associatéd the acceptance of the technology
(the online social community) and the sustaingbibt these systems. Research in this area
deals with the question of what drives people ®arsd continue using the system in order to
understand the success factors of technology. bkieresearchers tested effects on user be-
havior, relating for example to the technology @tamce model (Davis 1989; Dauvis,
Bagozzi, and Warshaw 1989) and the informationesgstcontinuance model (Bhattacherjee
2001). This includes the interest of several infation systems studies in the effects of sys-

tem quality, information quality, and perceived fusgess (e.g., Jin et al. 2009; Lin 2007,
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Yoo, Suh, and Lee 2002). Also of particular impod&a from this perspective are measures of
satisfaction and outcome expectations (e.g., Cl€&7;2Hsu et al. 2007; Ma and Agarwal
2007). Online community systems with different fe¢apics and purposes are studied in in-
formation systems research, but often knowledgersihalatforms are used as the research
object. Here, the critical success factor is infation sharing and retrieving as the relevant
form of user participation (e.g., Chen and Hung@QZhiu, Hsu, and Wang 2006). Specific
aspects of virtual knowledge communities might beeatuated compared to other types of
communities, such as social networking sites. kanple, it has been shown that an impor-
tant prerequisite for participation in knowledgeashg communities is the user’s self-
efficacy and necessary expertise (e.g., Chen amyl2010; Hsu et al. 2007; Kankanhalli,
Tan, and Wei 2005).

Although, different research disciplines focus entain aspects more than others, many
studies take a multidisciplinary perspective, andsequently overlap to some degree. For
example, scholars across disciplines regularlyyapptial concepts and theories, like social
identity theory (e.g., Dholakia, Bagozzi, and Pe20@4; Ma and Agarwal 2007) or social
capital theory (e.g., Kankanhalli, Tan, and Wei 200/iertz and de Ruyter 2007) to explain
participation behavior. Because of the nature dihersocial communities and the interaction
and interconnection of its members, it is not ssipg that social theories play an important
role in many empirical studies. It can be seen thatconcepts employed in social theories
can be applied to different perspectives regardimgme communities.

In order to derive a systematic overview of reléviactors associated with online com-
munity participation, specific antecedents and eqnsnces of user participation are dis-
cussed in more detail in the following sectionse Tocus is on the most relevant and most

often employed constructs which are directly asged with online community participation.

2.5.3 The Consequences of Participation

From a marketing perspective, user participatioons of the most relevant factors for a
successful online community, because it influencssr attitudes, intentions and behaviors.
Depending on the study context, attitudes and fittes can be related to the community it-
self or the topics the community is centered aro{eng., brands, products). On an individual
user level, several studies confirm, that a higiaeticipation in online communities leads to
more favorable attitudes of the community membevgatds the community and its associ-

ated products and services. In brand communitigbgh participation has been demonstrated
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to impact commitment (Casalo, Flavian, and Guinab08b; Casalo et al. 2009) and loyalty
intentions (Algesheimer, Dholakia, and Herrmann3®@Dasalo, Flavian, and Guinaliu 2007;
Shang, Chen, and Liao 2006) towards a brand, as$ aslthe image of a brand
(Woisetschlaeger, Hartleb, and Blut 2008). In additit has been shown that user participa-
tion is crucial to ensure the continuity of the coumity, as it strengthens the relationship to
the community and positively affects the loyaltydarontinuance intentions of its members.
Particularly, higher participation leads to higheyalty intentions (Lin and Lee 2006; Pa-
juniemi 2009; Woisetschlaeger, Hartleb, and Blud&@0 WOM intentions (Chen and Hung
2010; Koh and Kim 2004; Woisetschlaeger, Hartletd Blut 2008), trust (Casalo, Flavian,
and Guinaliu 2007), and bonding (Pajuniemi 2009¢,Y8uh, and Lee 2002) to the commu-
nity itself.

In addition to attitudes and intentions, the bebawf the community members is also af-
fected by their level of participation. Algesheinatral. (2010) found that participation in the
online community of an online auction site affectbd buyers’ and sellers’ behavior. An-
other research on members of travel-related omamemunities revealed that the number of
purchased travel products was affected by the uparticipation in the online community
(Kim, Lee, and Hiemstra 2004). Further, a studydeyValck, van Bruggen, and Wierenga
(2009) in a community on culinary matters demorsttdhat community interaction, particu-
larly visit frequency and retrieval of informationfluenced the members cooking frequency,
recipe knowledge, recipe choice, and satisfactiaim wooking results. In the context of
knowledge communities, it is also shown that pgrditon can help to solve problems at
work and improve professional know-how throughizdiion of knowledge from the plat-
form (Chen and Hung 2010). Altogether, these respifovide evidence that behavior and
perceptions outside the community are affecteddstigpation in the community.

Although not directly examining the link betweererss participation and individual out-
comes, further studies underline the importancerdihe community participation. For ex-
ample in brand communities, Adjei, Noble, and Nq2@10) found that communications be-
tween customers influence purchase behavior thromgkrtainty reduction. In another case,
community participation is found to improve ovenatbduct sales through customer ratings
on online platforms (Moe and Trusov 2011). Thisicates that participation in the online
community can lead to relevant transactional bedraamnd therefore monetary outcomes for
firms. In addition, Trusov, Bodapati, and Buckl@0(0) demonstrated that the behavior of

some users also affects the behavior of otherearcommunity, showing that logins of the
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most influential users increased the logins ofrtleentacts. This, in turn, indirectly affects
advertising revenues through page impressions.

Theses research studies illustrate the value afi@elbmmunity participation for market-
ers and firms, as it can produce attitudinal, intgral, and behavioral consequences. Partici-
pation affects customer behavior outside and indidecommunity, which can lead to higher
revenues for the involved firms. Additionally, gaipation also impacts the size, endurance,
and attractiveness of the online community itsslfitagenerates loyalty, recommendations
and interactivity. Altogether, this underlines tingportance of user participation in online

social communities.

2.5.4 The Antecedents of Participation

Because of the impact of online community partitggaon user attitudes, intentions, and
behavior, it is critical for marketers and commuroperators to understand what influences
user behavior: what makes the members participatieel online community? Consequently,
a plethora of research from different disciplineseeged to explain the main drivers of par-
ticipation in online communities. A wide range atfors, depending on the research perspec-
tive and the type of the online community, haverbeéemonstrated to impact online commu-
nity participation. Basically, from a marketing ppective the most relevant factors investi-
gated in past research can be subsumed into foadkgroups: (1) individual attributes, (2)
attitudes and perceptions toward the communitys{@jctural aspects, and (4) other factors.
Individual attributes include motivations and pemlocharacteristics; attitudes and percep-
tions are related to the experience with the comty@amd the relationship to the community,
which comprises factors like identification, commént, or satisfaction; structural aspects
can be described by the dyadic structures betweenders; and the other factors include that
of information systems aspects, community charesties, or external factors. Figure 5 sum-
marizes all relevant direct effects associated witline community participation that are de-
scribed in this chapter. Appendix 1 provides aiteetaoverview of all relevant studies by the
author, including antecedents and consequenceart€ipation, as well as the research ob-

ject.
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2.5.4.1 Individual Attributes

Benefits and Motivation.Because community participation is predominanthumtary,
there is a need to understand what motivates peéomeend time and effort to participate.
Exploratory studies gained first insights and fouhat different motives are at place when
users become members of online communities (eiding® and Gefen 2004; Wasko and
Faraj 2000). Motives are the “general drivers thegct a consumer’s behavior toward attain-
ing his or her needs” (Assael 1998, p. 78). Theesfrecent research is interested in its im-
pact on user participation. Also labeled differgrats motives, needs, benefits or values, these
factors are often interpreted in a similar way @®e& kind of user motivatiofempirical stud-
ies employed a wide range of motives and benefiislware demonstrated to influence be-
havioral intentions and behavior.

Two factors are of particular importance in onlgaeial communities: information bene-
fits and social benefits (Dholakia, Bagozzi, an@riee2004; Dholakia et al. 2009). Benefits
from information exchange play a key role in infigeng participation behavior, especially in
knowledge and information-intensive online commiesit(e.g., Chung and Buhalis 2008;
Dholakia et al. 2009; Lampe et al. 2010; Wiertz dedRuyter 2007). If the user values the
information on the platform and is motivated toegior get information his participation is
higher. On the other hand, social benefits occroudh interaction with other members of
the online community and are not solely associtdadformation exchange. They are based
on a more personal level and provide social supgmitrelationships to the community. Sev-
eral studies highlight that higher social beneditsl motivation for connection and interaction
with other users lead to higher participation ie thnline community (e.g., Dholakia et al.
2009; Han, Zheng and Xu 2007; Hennig-Thurau e2@04; Lampe et al. 2010; Nambisan
and Baron 2007; Wang and Fesenmaier 2004a).

Other factors regularly used to explain user pigaioon include hedonic benefits/ enter-
tainment, enjoyment (to help others), or self-edatfactors like self-enhancement and
self-discovery (e.g., Chung and Buhalis 2008; Hgrfiurau et al. 2004; Kankanhalli, Tan,
and Wei 2005; Lampe et al. 2010; Nambisan and Ba@frY; Wang and Fesenmaier 2004a;
Wasko and Faraj 2005; Yu, Lu, and Liu 2010). Fone@ommunities, extrinsic benefits like
rewards, reputation, or advantages associatedtixtiob may also work as motivators (e.g.,
Chen and Hung 2010; Kankanhalli, Tan, and Wei 200%ana and Bush 2005). All these
factors were predominantly confirmed to affect jggwation. In recent studies, motives have

also been starkly adapted to the functionality id tommunity; for example, relating to
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status updates, social browsing, or using apptinatigames and quizzes in social network-
ing sites (Joinson 2008). In contrast, Hennig-Thuea al. (2004) identified platform assis-
tance, venting negative feelings, concern for otteersumers, extraversion, social benefits,
economic incentives, helping the company, and adséeking as motives for contribution in
product recommendation platforms. This shows tleatbse of the specific context, different
sets of measures are defined for some studiesadt there are various motives that are
unique to certain studies, which are not discusszd because of their specificity (please re-
fer to Appendix 1 which includes all motives cowkrdey studies within this literature re-
view).

Overall, a multitude of studies confirm that motigas drive participation, but the con-
text of the study and the online community of iatgrmust be considered when looking at the
results. Results often differ depending on the tymel objectives of the community.
Dholakia, Bagozzi, and Pearo (2004) demonstrateithiarger network-based communities
giving and getting information is a key driver arpcipation. On the other hand, the authors
provide evidence that social benefits are more mapo in small group-based communities.
Further, Dholakia et al. (2009) show that functido@nefits have a larger effect on passive
participation (helping oneself) than on active ggvation (helping others), while for social
benefits the effect is larger on active participatiThis underlines that the different types of
participation can also be impacted differently Isgumotivation. In addition, in every com-
munity there are various types of users, driverthgyr individual motives. Therefore, it can
hardly be generalized that all motivational factbese the same effects in every community
and on all kinds of participation behavior. Motinaal factors need to be viewed in a differ-
entiated way. For this reason, it is importantdommunity operators to know who their cus-
tomers are, why they are members, and what neegisettpect to fulfill in their community.
Nevertheless, recent research emphasizes thamafimn and social benefits predominantly
take on central roles in explaining user partiégratindependent of the type of community.
In order to succeed, community operators need tioead multiple needs, with emphasis on
social and information needs, because the focusnenspecific need to the exclusion of the

others would undermine the value of the online camity (Hagel and Armstrong 2006).

Self-Efficacy and ExpertiseBesides motivation, the individuals’ ability to paipate
and provide content is also important. Knowledgaristy requires the knowledge to do so.
“Perceived self-efficacy is concerned with judgnseot how well one can execute courses of

action required to deal with prospective situatiofgandura 1982, p. 122). In knowledge
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sharing communities it is related to the perceptibbeing able to contribute relevant knowl-

edge to other members (Chen and Hung 2010). Sesteidies provide evidence that higher
levels of self-efficacy lead to higher active pagation intentions and behavior (e.g., Hsu et
al. 2007; Kankanhalli, Tan, and Wei 2005; Zhangle2010) In the same way, Lampe et al.
(2010) showed that the self-efficacy with regamshte community usage has a positive ef-
fect on future contributions. Further, Wasko andajF€2005) explored the effect of tenure in

the field, which means being a member of a probesdiassociation, and found that it has a
positive effect on the volume of knowledge conttiba. This underlines, that expertise is an

important factor, at least in knowledge sharing samities.

Tenure. The tenure of membership is also related to ppdtmon. In this regard, tenure
reflects the user’s experience with the online camity. Across different types of communi-
ties it has been demonstrated that higher tenuasssciated with higher contributions and
participation intentions (Han, Zheng and Xu 200&ntisan and Baron 2007; Nov and Ye
2008; Tiwana and Bush 2005; Wang and Fesenmaiethl00e Valck et al. (2007) even

show that tenure has an increasing effect on meshtieit frequency (quadratic effect).

Other Individual Attributes. Research has also investigated other attributeistdoa
lesser degree. For example, Wilson, Fornasier Vdhite (2010) applied the NEO five-factor
personality inventory and found that conscienti@ssnand extroversion had significant im-
pact on user participation. In particular, partaifs scoring lower on conscientiousness and
higher on extroversion reported spending more tisiag a social networking site. Further,
self-identity — a concept that reflects the extentvhich engaging in a behavior is important
to an individual's self-concept — was found to pigsly impact online social networking in-
tentions and behavior (Pelling and White 2009)adidlition, demographic information is of-
ten used as control variables in the empiricalrentommunity studies. Therefore, the vari-

ables of age, gender, education, occupation, ity are used.

2.5.4.2 Community Perceptions and Attitudes

Identification and Sense of Belongingldentification with the community and social
identity are among the most frequently studied taots associated with online community
participation. According to social identity theosgcial identification is the perception of be-
longing to a group with the result that a persa@ntdies with that group (Bhattacharya, Rao,

and Glynn 1995). It therefore represents the aatoni of oneself with a group of members
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or the online community as a whole. Bagozzi and |8kia (2002) and Dholakia, Bagozzi,
and Pearo (2004) find that an individual's soaintity leads to higher intentions to interact
again with a group of people in a virtual communikie positive effect of identification on
participation is also found across different typésommunities, be it either knowledge shar-
ing communities (Chiu, Hsu, and Wang 2006), bramnmunities (Woisetschlaeger,
Hartleb, and Blut 2008), social networking sitefi¢Gng and Lee 2010; Han, Zheng, and Xu
2007), or consumer communities (Kim, Lee, and Hiemn2004).

Closely related to social identity and identificetiis the sense of belonging. It is often di-
rected and operationalized more in the sense oftieetive component of social identity.
Even so, it has a positive effect on active andipasparticipation behavior as well (Lampe
et al. 2010; Lin 2007). The feelings of membershp part of the sense of community con-
cept, are also positively related to user partiogma(Kim, Lee, and Hiemstra 2004; Yoo,
Suh, and Lee 2002; Zhang 2010). Altogether, thiptemizes the usefulness of social identity

to explain participation and participation inteman online communities.

Commitment Commitment to the relationship is defined as éaduring desire to main-
tain a valued relationship” (Moorman, Zaltman, d&wkshpande 1992, p. 316). It is a central
construct in relationship marketing literature,eashange partners believe that an ongoing
relationship is important and that it is worth wiok at maintaining it to ensure long-term
endurance (Morgan and Hunt 1994). Customers wigh kommitment to the service pro-
vider are more loyal and show favorable behaviararals firms and organizations (e.g., Bet-
tencourt 1997; Garbarino and Johnson 1999; Gruel. é2000; Hennig-Thurau, Gwinner,
and Gremler 2002).

In recent studies of online communities, committerthe community is often related to
the members’ identification with the community amdense of belonging. This refers to the
affective commitment and overlaps to a certain éegrith other constructs, when it is de-
fined and operationalized with elements like belnggattachment, and willingness to inter-
act with the exchange partner (e.g., Kim, Choi, Had 2004; Lampe et al. 2010; Kang et al.
2007). Nonetheless, researchers revealed a posélagonship between commitment and
participation in online communities (Cheung and R8689; Nov and Ye 2008; Wiertz and de
Ruyter 2007; Xie, Chen and Wu 2008). To some extiadg confirms the findings of the
positive effect of identification, but also shovimt it is a relevant driver of online commu-

nity participation per se. If a user is committedan online community, he wants to stay in
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that relationship with the community and is willibg put forth effort, for example in the
form of active participation, to maintain it.

Xie, Chen and Wu (2008) differentiated betweenedéht types of commitment, namely
affective, continuance and normative commitmentl deamonstrated that all aspects had a
positive effect on user participation, though offedent types of participatiolf. Affective
commitment was found to influence participatioremtion and contribution intention, norma-
tive commitment affects contribution intention, aocontinuance commitment is positively
related to advocacy intention. Although this canBrthe impact of commitment on participa-
tion in general, a more differentiated view on eliéint types of participation reveals, in this
case, that affective and normative commitment igugortant for active participation, and af-
fective and continuance commitment for passivei@pétion. In addition, Wiertz and de
Ruyter (2007) even found that the direct effectainmitment on knowledge contribution is
moderated by online interaction propensity, sugggghat commitment builds over repeated

interactions with other users, being more importémén the need for interaction is higher.

Trust. Trust has been proposed as an important concaglationship marketing (e.qg.,
Morgan and Hunt 1994), also taking a central roléhe online context (e.g., Shankar, Urban,
and Sultan 2002). Moorman, Zaltman, and Deshpab@@?2( p. 315) define trust as “a will-
ingness to rely on an exchange partner in whomhaseconfidence”. In relationship market-
ing, trust has been acknowledged to be stronghtedito commitment, so that trusted rela-
tionships are found to lead to higher loyalty iniens (e.g., Garbarino and Johnson 1999;
Morgan and Hunt 1994). Research on the effectsust tn online communities adapted and
proposed different types of trust which work in tle&tionship to the community. For exam-
ple, Chen and Hung (2010) found that interpersamnet, which relates to trustworthiness
and honesty of all members in the community, pealyi affects knowledge contribution and
collection. Hsu et al. (2007) demonstrated the hyd identification-based trust, which is
defined as members’ trust due to emotional intesacimong members. Another conceptu-
alization of trust regards it as a multidimensiooahstruct including the elements of ability,
benevolence, and integrity, which altogether showaesignificant positive effect on active

participation (Casalo, Flavian, and Guinaliu 2008asalo, Flavian, and Guinaliu 2008b),

Y The three forms of commitment are adapted froméfeyd Allen’s (1991) organizational commitment-con
ceptualization. Affective commitment refers to adividual's emotion attachment to, identificatioitiw and
involvement in an organization. Normative commitiesilects an individual’s felt sense of obligatitancon-
tinue employment. Continuance commitment focusetherconsequences of an individual's awarenedseof t
costs associated with leaving an organization.
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and on the desire to give and to get informatioidifs, Gefen, and Arinze 200 Overall,
trust measurement in online communities is mainigated towards the community or the
group of members as a whole. Thus, recent studigsdfthis generalized trust to affect user
behavior (Han, Zheng and Xu 2007; Zhang et al. 2010

Trust is regarded with specific significance ininal communities, because of the ano-
nymity and the lack of face-to-face contact betweeknown members (Ridings, Gefen, and
Arinze 2002). Trust is especially of high relevamntenformation-intensive communities like
knowledge sharing communities. If the user canngt tthe received information and the in-
formation sources, there is no value in the exchavigknow-how. Nevertheless, research
also provided evidence for its importance in ottypes of communities, like brand commu-
nities (e.g., Casalo, Flavian, and Guinaliu 2008t&ng, Chen, and Liao 2006).

Reciprocity.Reciprocity describes the process of give and thlkgenerally refers to the
expectation of one party, who provided some kindugdport or information to another party,
that the other party returns the favor (Wu et GD&). Reciprocity is thereby an obligation to
repay the benefits received (Gouldner 1960). Rsliigefen, and Arinze (2002) argued that
online communities will hardly survive without recocity, because contributions are most
important to keep the community attractive, andvildials who post content mainly expect
some type of response. Surprisingly, most resedicthot find a significant positive relation-
ship between the norm of reciprocity and online gamity participation (Chen and Hung
2010; Kankanhalli, Tan, and Wei 2005; Wiertz andRieyter 2007). The only study that
supports the positive effect of reciprocity on tpgantity of knowledge sharing was con-
ducted by Chiu, Hsu, and Wang (2006). Chen and HBaf0) and Wasko and Faraj (2005)
even found negative effects on knowledge collecaod knowledge contributions, respec-
tively. They argued that knowledge seekers haveamtrol over who responds to their ques-
tion and that there is a possibility that in onls@mmunities a generalized reciprocity exists,
which assumes no direct return by the recipientblgithe community as a whole. In another
knowledge sharing community, Kankanhalli, Tan andi\(2005) examined no significant
direct effect, but a moderated effect of recipp@bntingent on pro-sharing norms. When
having high pro-sharing norms, indicating a climateollaboration and cooperation, knowl-

edge contributors do not look for reciprocity whamtributing their knowledge, but low lev-

18 Ability is described by the skills or competendikat an individual has in a certain area; benexagigefers to
the expectation that others will have a positivierdation to do good to the trustee; integrityhis €xpectation
that others will act in accordance with sociallgguted standards of honesty or a set of principlatsthe trus-
tor accepts (Ridings, Gefen, and Arinze 2002).
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els of pro-sharing norms emphasize the reciprdmstyefit as a motivator for knowledge con-
tribution. Further, Wiertz and de Ruyter (2007)atved in their study that the positive effect
of reciprocity on the quantity of knowledge sharings suppressed by the users’ propensity
for online interaction, i.e. their overall positiagtitude towards interaction. Altogether, the
mixed results of past research indicate that thaght be a more complex relationship be-
tween reciprocity and other factors and that redjpy alone can hardly explain higher user

participation in many online communities.

Norms. Basically, a norm represents a degree of consenghbe social system (Coleman
1990). Such norms are related to a relevant gréugher people and are a potential source
of social influence for an individual. Differentpgs of norms have been researched in con-
junction with online community participation. Amortgem, subjective norms and group
norms are frequently investigated. Subjective noreiflect social pressure from significant
others to perform or not perform a certain behawidrile group norms represent the shared
values or goals perceived by the individual betweeaself and other members of the online
community (Bagozzi and Dholakia 2002). Overall, &fiects of norms on user participation
revealed inconsistent results across differentissud/Vhile subjective norms were found to
have a negative effect on participation intentiohghe group in one study (Cheung and Lee
2010), another study showed that subjective noros#ipely predict usage intentions and do
not significantly affect participation behavior (&g and White 20095? In other communi-
ties, subjective norm did not show a significantpaot on user participation intentions
(Bagozzi and Dholakia 2002; Lin 2006). These mixesults might be associated with the
different online community types researched.

Apart from subjective norms, group norms show alésicy of positively affecting par-
ticipation intentions, although not all studieseabsignificant effects (Cheung and Lee 2009;
Cheung and Lee 2010; Dholakia, Bagozzi, and Pe@fal)2 Higher congruence between
one’s goals and other members’ goals lead to higheicipation intentions. In addition to
the discussion of subjective and group norms, Naamband Baron (2007) revealed that gen-
eral community norms, i.e. a strong value of int@ce in the community, positively influ-

ence future participation. Further, pro-sharingnm&rdefined by Kankanhalli, Tan, and Wei

19 Similarly, normative community pressure refershe customer’s perceptions of the community’s estd
demands on a person to interact and cooperatahlgtbommunity (Algesheimer, Dholakia, and Herrmann
2005). This pressure to conform to the communityens and objectives has been found to have aimegat
effect on participation intentions and through taace on continuance intention in (offline) bradnenunities
(Algesheimer, Dholakia, and Herrmann 2005). Ifdlser is too heavily restricted and coerced by tramu-
nity, the user can be pressured to become inastide-register
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(2005) as norms to cooperate, collaborate and siganéons and ideas openly, did not show
direct effects on knowledge sharing and played @ntyoderating role in conjunction with
reciprocity (see above). Given the inconsistentiltesn studies to date, it is suggested that

norms do not offer a congruent explanation of pgrétion behavior.

Satisfaction.In marketing research, satisfaction has developedne of the most fre-
guently researched constructs, and it is an impbdatecedent of consumer behavior like
WOM provision, complaint behavior, retention anguechase (e.g., Gustafsson, Johnson,
and Roos 2005; Szymanski and Henard 2001; Wanganbed Bayon 2007). In online
community studies, satisfaction is also reguladpldyed to explain user participation, where
it is considered a key driver of members’ loyalbythe online community. De Valck et al.
(2007) show that satisfaction as an overall evalnadf the performance of the online com-
munity has a positive effect on visit frequencyeylalso suggest that satisfaction in online
communities is related to four different interantidimensions: satisfaction with member-to-
member interactions, organizer-to-member interastiorganizer-to-community interactions,
and with the community site. Though, organizerdoamunity interactions do not signifi-
cantly impact visit frequency. From an informatigystems perspective, Lin and Lee (2006)
confirmed that satisfied needs positively impaanoaunity participation and loyalty inten-
tions.

Several other studies investigated the relationsbigveen user satisfaction and user par-
ticipation in online communities. Basically, mossearch confirms that highly satisfied users
show higher levels of participation. The positifeeet of overall satisfaction is found for ac-
tive participation like knowledge contributions aperception of active participation (Casalo
et al. 2009; Ma and Agarwal 2007; Zhang et al. 2046 well as passive participation like
visit frequency and intention to continue using teenmunity (Chen 2007; Cheung and Lee
2009; Jin et al. 2009; Lampe et al. 2010; Tiwand Bash 2005; Woisetschlaeger, Hartleb,
and Blut 2008). Altogether, the majority of studasoss different types of communities, like
knowledge sharing communities, bulletin boardspmen source software communities, con-

firm the positive impact of satisfaction.

Offline Interaction. Because online and offline environments can inied, some re-
searchers have investigated the impact of offlirteractions on online participation. Ma and
Agarwal (2007) found a positive relationship betwesfline interactions and knowledge
contribution. Koh et al.’s (2007) results revedttbffline interaction has a positive effect on
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posting behavior, but not on viewing behavior, ssjigg that contact in the offline world
can stimulate active participation online. In amotbtudy, Lin (2007) demonstrated that off-
line interaction has an indirect and positive dffee behavioral intention mediated through
sense of belonging.

Further Attitudes and Perceptiondn addition to these well researched antecedeats, c
tain studies also used other factors to explain padicipation. Although they have been less
frequently researched, some relevant factors aseritbed here brieflyPerceived behavioral
control has been tested in a few studies (Bagozzi andaRlzoR002; Lin 2006; Pelling and
White 2009). It is defined as individual percepsarf the ease of participating in the online
community and an individual’s control to do so. Yohe study revealed a significant posi-
tive effect on participation (Lin 2006). In line thithe theory of planned behavior, more posi-
tive attitudestowards the participation in the online commumggulted in higher participa-
tion intentions (Lin 2006; Pelling and White 2009dditionally, Nambisan and Baron
(2007) found that the attitude towards the host flan also have a positive effect on partici-
pation.Degree of influences another factor researched. Woisetschlaeget|ddaand Blut
(2008) showed that a higher degree of influenca, ihthe perception of being able to influ-
ence and shape the community, leads to higher ptewoe of participation.

Additional factors found to have an impact on userticipation include mutual agree-
ment (Dholakia, Bagozzi, and Pearo 2004), antieghadmotions (Bagozzi and Dholakia
2002), psychological safety (Zhang et al. 2010¢jadq@resence (Shen and Khalifa 2008), and
sharing culture (Yu, Lu, and Liu 2010) These fastare not described in greater detail here.
Please refer to Appendix 1 and the work of theaepe authors to get more information on

these constructs.

2.5.4.3 Network Structure

As the interconnection between users is more @siblonline social networks of today,
there is a growing interest in the impact of thérenetwork structure on behavior. Though,
only a few studies investigated the effect of dtstel components on online community par-
ticipation. Social theorists posit that the positaf a user in a social network, in this case in
the online social community, can have an importapact on the user’s behavior because of
his access to certain resources and informatian, (Ereeman 1978/79; Nahapiet and Gho-
shal 1998).
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Degree.The degree of an individual is described as thmabar of contacts he has. Espe-
cially in management literature, it has been shtvat degree centrality is a strong predictor
of individual performance in workgroups (e.g., Aaualletta, and Carley 2003; Sparrowe et
al. 2001). Similarly, community researchers demmast that a higher number of contacts
(the degree of the user) is associated with highewledge contribution and a higher num-
ber of posted content like photos (Nov and Ye 200@sko and Faraj 2005). This indicates
that more friends lead to more patrticipation.

Social Interaction TiesAnother structural component is the social inteoacties the us-
ers maintain in the online community. Such tiesstder a bond between two people or an
overall group of people in the community and arseldaon one or more relations between
them. Chen (2007) measures the users’ perceptibtisew social interaction ties to other
members of their community to explain user behavidrereby, she operationalized social
interaction ties as a self-reported assessmertieoisers’ relationship and interaction with
other users. She found that social interaction sigeificantly influence the users’ continu-
ance intentions to use the online community. Usinggmilar measure of social interaction
ties, Chiu, Hsu, and Wang (2006) provided eviddocéts positive impact on the quantity of

knowledge sharing’

Although other authors contributed additional iléggon how network structure affects
the success of online communities (Toral et al.920they took an aggregated perspective
rather than focusing on individual user behavioref@ll, this low number of relevant studies
dealing with network structure as a factor influegcuser participation suggests that there is

a need for further research in this area.

2.5.4.4 Other Factors

Other factors include those that are related toctramunity information system, com-
munity external factors like involvement in a pratior brand (the topic of the community),

or community characteristics.

2 |n these two studies, social interaction tiesagrerationalized as an evaluation of the differspieats of the
relationship to other members in the online comnyuiihereby, the measure is of more qualitativelmat
compared to objective data on user positions witénonline social networkyhich can be calculated by social
network analysis. Social network analytical meashat can be used to evaluate the network struetter@re-
sented in chapter 3.2.2.
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Information Systems AspectSpecific to information systems research are factat-
dressing the quality and usability of the systerd Hre associated information provided on
the platform. Therefore, several studies from #rsa have incorporated such technical as-
pects. Here, researchers often base their empwicgd on concepts like the technology ac-
ceptance model, the information systems continuamagel, or the updated information sys-
tems success model (Davis 1989; DelLone and McLé8a8;Bhattacherjee 2001). Lin and
Lee (2006) demonstrated that three dimensionsfofrmation systems quality, namely sys-
tem quality, information quality, and service qtgliare all positively associated with behav-
ioral intentions of community usé.Yoo, Suh, and Lee (2002) confirm the positive itz
information system quality, and especially of imf@tion quality, on online community visit
frequency and usage time. The usefulness of tlenmation provided on the platform is also
documented to significantly affect passive paragipn like viewing activity (Koh et al.
2007), continuance intention to use the informataonthe platform (Jin et al. 2009), as well
as active knowledge sharing (Yu, Lu, and Liu 20B®veral other researchers provided evi-
dence that information system aspects, like infoilonaand system quality, usefulness and
ease of use are also mediated through other facioch as satisfaction, attitude or sense of
belonging (e.g., Chen 2007; Lin 2006; Lin 2007)e@} this emphasizes the key role quality
aspects take in online communities to establisbrie attitudes and perceptions toward the

community, which result in user participation irtiens and behavior.

Involvement. Further, involvement of the user in the topic loé online community can
have a significant impact on user behavior. Ondystn the context of an Apple computer
community provided evidence that cognitive invohamin Apple products led to higher
lurking behavior (Shang, Chen, and Liao 2006). Addally, another study within open
source software (OSS) communities showed that wavoént in the respective OSS project,
which is the topic of the community, positively luinced the contribution of knowledge to
the projects in the community (Xu, Jones and SHE®P This means, if the users’ interest in
the community topic is very high, this can haveadditional impact on their participation in

the online community.

2L system quallity includes, system reliability, comiemt access, ease of use and system flexibififgrination
quality describes accuracy, timeliness, usefulremspleteness and customised information; and cenuial-
ity is measured by interface design presented tmhees, trust mechanisms provided by the online conity,
and willingness to help members and provide praseptice (Lin and Lee 2006).
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Community Characteristics and Managemenf.ommunity characteristics can include
very different elements like size, age, type of ommity, composition of member base, or
culture. For example, Chu (2009) included commualtgiracteristics in the user survey, in-
cluding questions on size, diversity of membersthg# community provides ancillary re-
sources, and role of members (peripheral or cgnaat found that all four dimensions posi-
tively affect members’ helping behavior. In anotiséudy, Yoo, Suh, and Lee (2002) pro-
vided evidence that the community’s managing sgsat@ the form of its purpose, rules,
events, and subgroups, partly influences the frisguency. In a series of experiments, Ling
et al. (2005) demonstrated how community manageemn@ffect participation. They found
that reminding community users about the uniquerdstheir contributions leads to in-
creased participation. Further, they also showed tisers contribute more when they are
given group goals compared to individual goalshe ¢ommunity. The results emphasize that

proper community management is important and caultren higher participation.

2.5.5 Discussion of Past Research on Online Community ®apation

The presentation of the empirical findings of recemine community research provides
valuable insights on the constituents, antecedants consequences of user participation.
Figure 5 summarizes all relevant direct effect®assed with participation that are described
in the previous sections and Appendix 1 providdstailed overview of all relevant studies.

Overall, factors of different dimensions have bdeand to affect user participation.
Members’ behavior is influenced by 1) the usertsitaites, 2) attitudes and perceptions of
the relationship to the community, 3) structurgdeass, and 4) other factors like system as-
pects, involvement and community characteristics.tRe most relevant factors, investigated
in several studies, the majority of results arbeatonsistent across different study contexts
and different online communities. This emphasibesrtimpact on user participation. Within
the group of factors concerned with individual ibtites, motivations are most often re-
searched, because they are of high relevance fderstanding why users participate in
online communities. Social and information bendfits’e been identified to be of particular
importance. From a practical perspective, communyitgrators need a deeper understanding
of the users’ motivations and needs in order tmdtte a more active behavior in the com-
munity. Moreover, variables related to the useescpption of his relationship to the com-
munity have been found to take a key role in deit@ng the users’ participation. Particu-

larly, identification, trust, reciprocity, and nosnare all elements of the relational dimension
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of social capital, which is a well established tlyefor explaining performance and behav-
ioral outcomes (Nahapiet and Ghoshal 1998; fom#&oduction to social capital please refer
to chapter 3.3). Altogether, these elements aréipely related to participation, which is
also confirmed by studies which used aggregatedsunesa of relational and social capital
(Chu 2009; Tiwana and Bush 2005). Although striadtaspects have been researched to a
lesser extent, taking the position and relatiorshagpother members into consideration yields
further explanation of user behavior. Overall, palicommunity operators benefit from a
thorough knowledge of the drivers and consequeatesline community participation, so
that they can more effectively manage user behamitineir communities. A deeper under-
standing of the relevant factors can help thenebeaitocate their resources to stimulate par-
ticipation and manage user behavior.

Despite the usefulness of these findings from pesarch, some issues of these research

studies should be discussed at this point:

Measurement of ParticipationA large share of the reviewed studies used splirted
instead of objective data for the investigationugkr participation. Although self-reported
data can provide some useful insights, objectivia @& preferred because it accurately re-
flects the true user behavior. Moreover, the studee different operationalizations and types
of participation, for example active vs. passiveipgation. These different perspectives on
participation provide valuable insights by emplayudfistinct types of participation. Neverthe-
less, the inconsistency in operational definitiansl measurement of online community par-
ticipation within academic literature may hindee tomparison across studies. For example,
the results of different studies utilizing varioparticipation measures are not completely
comparable due to the diverse contexts and purpdgbe online communities observed. But
studies that include both kinds of participatiom gaovide valuable insights on how certain
factors affect each type of participation. Recentigs found that in many cases active and
passive participation are influenced differentlyabieast to a different extent (e.g., Dholakia
et al. 2009; Hennig-Thurau et al. 2004; Koh e@D7; Lampe et al. 2010; Shang, Chen, and
Liao 2006). For example, Dholakia et al. (2009)rfduhat the effects of functional and social
benefits on both participation variables, helpingegelf and helping others, differ in their
significance and strength. In particular, sociatdfés show a much stronger effect on help-
ing others than on helping oneself in the consusaearple, and in the B2B sample the effect
of social benefits on helping oneself is even indigant. This suggests that social benefits

have a much stronger impact on helping other mesnfp&r. on contributing) than on con-



61

suming information. Other studies show further etiéinces for the effects of certain vari-
ables. Koh et al. (2007) even argue that “in amgigicommunity, the posting activity stimu-
lant is not the same as the viewing activity stiamtil. The comparison of the effects on dif-
ferent participation behavior is therefore veryfusér community operators when planning
to take marketing measures to increase participatio

Another issue is that participation can consistlifferent elements. Because of the dy-
namic development of Internet technology, onlinenpwnities steadily advance in their
functionalities. The core elements of online comities remained similar with the interac-
tion between users at the heart of these onlineces:. However, the types of possible inter-
action increased, so that today many different veagsavailable to exchange information and
social support. The reviewed online community stadoften take a more general view on
user participation or focus on knowledge contribmitand posts. Because basically all com-
munities offer functionality to communicate withhets, most of the past studies seem to be
rather comparable. The question emerges if newtifurality leads to changes in user behav-
ior. New functions such as playing games or uspypsaould be affected by different factors
than communicating and posting. For example, ptagames would potentially be more re-
lated to entertainment needs than to informatioedeg while consuming and contributing
knowledge is more associated with information teatertainment needs.

Because of the diverse measurement of online contynparticipation used by different
researchers, multiple measures should be used pirieah investigations. This would allow
the researcher to analyze the data in multiple wegspare the results with other empirical
studies and can test for the consistency of trairfgs. Different operationalizations can also
help to test for the robustness of the resultsréfbes, objective data should be used when-
ever possible. Preferably, both active and pagsaréicipation should be compared, if the
study focus is directed towards factors associaidi both types of participation. For exam-
ple, when comparing user groups in their partiegrabehavior, this could be done using the
number of visits, the time spent on the platformg active contributions. Further, multi-
dimensional measures can be broken down in morstitwents, and can be aggregated to

different levels.

Antecedent EffectsAlthough using different operationalizations faseun participation,
several different studies show similar resultsdertain effects, i.e. similar significant effects
of the antecedents on user participation. Thisifigegémphasizes the impact of such factors

like identification, commitment, trust, satisfactjcattitudes, system aspects, or involvement.
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However, some of the reviewed studies reveal sgamf inconsistencies in their results of
certain antecedents across studies. For exampleffiicts of reciprocity and norms on user
participation are partly significant, partly insifjoant, and in some cases even in the other
direction (negative sign). This is rather confusiBgich results might suggest that the rela-
tionship between those predictors and participatiom less stable and most likely are de-
pendent on other factors, like the context of tammunity. In case of more complex rela-
tionships further investigation of those factorsmeeded including additional variables and
interactions with other factors to gain a bettedenstanding about how they work. For ex-
ample, Kankanhalli, Tan, and Wei (2005) found tlegiprocity does not have a direct effect,
but a moderated effect contingent on pro-sharingnso In specific situations, moderating

and non-linear effects might therefore play a mongortant role in future research.

Gaps in Researching Structural AspeciBhe literature review demonstrates that specifi-
cally structural components are merely underrepitesein past research. With regards to in-
dividual participation in the community, most steslifocused on the users’ number of con-
tacts or the overall strength of social ties toeothsers in the community as the only struc-
tural measures (Chen 2007; Chiu, Hsu, and Wang;2006 and Ye 2008; Wasko and Faraj
2005). Some scholars studied the effect of netwstmkcture on community success on a net-
work level (Toral et al. 2009; Toral, Martinez-Tesy and Barrero 2009). However, the ex-
plicit constitution of the users’ networks of cort&in conjunction with their attitude towards
the community has not been studied as predictoecife user participation. This is rather
surprising, as the very nature of online commusitee the interconnections among their
members. Thus, there is a need to incorporate tgesocial network analytical measures,
like centrality, ego-network density, or the of8Honline configuration, in studies on online
community behavior. It is expected that a centaaifon in the network will have a signifi-
cant effect on a user’s behavior. In fact, in thissertation the value of studying such social

network factors is demonstrated in two empiricatgts (cf. chapters 6 and 7).

Performance Outcomes of User Participatiohntecedents of user participation have
been more popular in academic literature. With @espo the different business models pre-
sented in chapter 2.3, future research could focuthe consequences of online community
participation. Recent studies rarely investigatesl financial outcomes of participation. Be-
cause many communities incorporated advertisingddsisiness models, there is a direct
link between participation and advertising revenlesause more active users also generate
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more page impressions and thereby their exposunlioe ad$? Nevertheless, in other
business models, community operators need to copsaeéicipation into transactions, clicks,
membership sign-ups, or innovation contributiondiect link of participation or outcomes

of participation to objective financial returnssidl missing in the online community context.

2.5.6 Research Prospects for the Empirical Study

From a marketing perspective, online social comtmsprovide a rich context for study-
ing user behavior in the online domain. As onlioenmunities have gained more importance
in the users’ lives, understanding how and why thelyave in certain ways is one of the main
tasks for practitioners and scholars. It is pointeti that online community participation is
the most critical and most focused aspect of ordm@munity management and research. In
this comprehensive literature review, the mostvaai factors associated with online com-
munity participation are explained. This alreadgvdes valuable insights to marketers and
community operators on how participation can begkated.

Nevertheless, this overview also helped to iderdgyne issues that can be addressed in
future research. In the empirical part of this éitaion, several of the limitations of past
studies are addressed. It is not possible to asl@dlesesearch gaps at once, however four is-
sues of high relevance will be considered:

(1) Objective measurement of participation: Mangerdg studies are based on self-
reported measures of user participation. As alresagdygested, objective data is more accurate
and unbiased. Therefore, objective measurementtivieaparticipation is used in all empiri-
cal studies of this dissertation (cf. chapters,5ar@l 7). In addition, active and passive par-
ticipation are taken into consideration in the seuof the three studies, which helps to com-
pare certain results and identify potential differes.

(2) The effect of customer acquisition: The literat overview clearly shows that the ef-
fects of user acquisition on user participationehaet been studied so far. Study 1 of this dis-
sertation provides insights on how the user acgomschannel affects the attitudes and par-
ticipation of members in their post-adoption ph@gechapter 5).

(3) The impact of social network structure: It low/n that recent research only superfi-

cially studied the effects of social network pamis of users in online communities as an in-

%2 One example of the financial impact of user pgéton is provided by Trusov, Bodapati, and Buckli
(2010). They estimate the value of an averagepeeyear based on advertising revenues to be aldggd
1.50. However, they also argue that the value @lders depends also on their influence on thijpation of
other users.
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fluencing factor of user participation. Using oltjee data, which is easy to retrieve for
community operators can help to further explain luser participation is affected. Therefore,
a more comprehensive set of network measures @stagavestigate active user participation
in this dissertation (cf. chapter 6).

(4) Investigation of user defection: The loyaltyusfers in online communities is mainly
measured through intentions to continue using taggom. Objective measures for loyalty
are not considered in recent research. Because ooitynoperators need to focus on cus-
tomer retention, an interesting research questionldvbe the reasons why users leave the
online community. Therefore, studying the loyalfyomline community users incorporating
behavioral data would provide additional insighitsstudy 3 of this dissertation (cf. chapter
7), longitudinal data is used to explore the infice factors of user defection, i.e. that users
do not return to the platform. In study 3, the r@mtwfactors used in study 2 are also in-
cluded, which helps to compare their effects ofed#ht types of user participation — active

participation and usage participation in the serisgaying with the community.

This dissertation is proposed to address someeofdintified research gaps within the
context of online communities and more specificalhjine community participation. In the
following chapters, relevant theories are discusgeidh build the basis for the three empiri-
cal studies that investigate the users’ networkitioos, attitudes and behavior. After the

theoretical underpinnings the empirical studiespaiesented in detail.
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3 The Social Context of Communication and Relationsipis in

Online Social Communities — Theoretical Background

In order to lay out the theoretical basis for theearch questions and the hypotheses de-
velopment in the empirical study, this sectionadtices different theories and concepts re-
lated to the social context of online communitiesst, interpersonal communication modes
as means to acquire new members are presentechdseozial network concepts are intro-
duced. These concepts play a significant role terdene the network structure and position
of individual users in the online community. Thiscial capital theory is described, which
builds an important framework for studying influeng factors of online community partici-
pation. Last, additional concepts that are rel&beithe connection and interaction of actors in
the social context of the community are brieflycdissed. These include the concepts of so-

cial identity, social exchange, social presencecntiéctive behavior.

3.1 Interpersonal Communication Channels for User Acqusition

Marketing literature promotes various marketing reigments which may help to trans-
mit marketing messages to existing and prospectigtomers (e.g., Borden 1964). It ranges
from mass market advertising (e.g., TV, radio, Prio personal selling, and from informa-
tion on websites to consumer-initiated word-of-nlouecommendations on the Internet
(Chen and Xie 2008; Duncan and Moriarty 1998).rppgesonal communications play an im-
portant role in attracting new customers as it @sn demonstrated that they are effective
channels for influencing customers (e.qg., Herr,de€ar and Kim 1991; Price and Feick 1984).
Many online communities and social networking sltke Facebook, LinkedIn, or StudivVZ
grow their customer base through these channels.ifit@rpersonal communication channels
are of specific interest: personal selling, asranfof employee-to-customer communication,
and word-of-mouth recommendations, as a form ofoener-to-customer communication.
Both forms work in a similar fashion. The sendeitttg marketing information approaches
the potential customer and transmits a messageaioorg relevant information for the re-
ceiver. Thereby, sender and receiver have a rakttip between each other concerning the
information about the promoted offering and thdilfalent of needs. Because these two
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forms are regarded explicit attention in the enapiristudy of this dissertation they are de-

scribed here to gain a general understanding sethemmunication channels.

3.1.1 Personal Selling as a Marketing Channel

For long, personal selling has been an essentibbp#he firm’s marketing mix (Borden
1964) and can be viewed as an important elemgnmtomoting products and services. Tradi-
tionally, personal selling includes a presentabbarguments within a conversation between
the sales representative and one or more poténtyars with the goal of selling products and
services (Meffert 2000). Therefore, selling “isragess whose success depends on the sales-
person properly identifying and satisfying the reefl the customer” (Szymanski 1988, p.
65). Personal selling can play an important roleelationship building with the goal of creat-
ing satisfied and long-term customers (e.g., Redgahd Beatty 1999; Solomon et al. 1985).
Person-to-person communications with sales reptathess are advantageous because the
sales person can provide information instantly,ressl individual needs, and build rapport
(Barlow, Siddiqui, and Mannion 2004)dditionally, Palmatier et al. (2006) found that rela-
tionship marketing is more effective when relatidps are built between the customer and
an individual person like, the sales representatigther than a selling firm, which favors
personal selling over mass media communication.

Marketing research has mainly observed explandemtors related to salesperson per-
formance (e.g., Churchill et al. 1985; Szymansk&WVebster 1968), that is the selling of
products and services. But the effectiveness adqmetl selling cannot only be measured by
the fact that the customer adopts a service orymtodVith the development of the salesper-
son from a role of selling products to the custoteea role of partnering with the customer
and building relationships, both attitudes and b&idra of the customer are important com-
ponents of the relationship quality with the seglifirm (Weitz and Bradford 1999). In the
context of online social communities, this meara gost-adoption attitudes and behavior are
relevant indicators for a satisfactory relatiomefv users with the community because higher
participation constitutes the value that is broughthe user to the platform. In the empirical
study of this dissertation, these attitudes andchbielns are evaluated for users coming from
the personal selling channel and compared to wbrdemth (WOM) referred users in order
to understand the effectiveness of personal selling

For local online communities, personal selling gdany an important role for attracting

new customers to use the service. For example, conties offering thematic information
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on sports could contact prospective users in Ispatt stores or at games of the local soccer
teams in order to promote the online service. Feajand repeated contacts may thereby fos-
ter the relationships with the users, which camp helmotivate them to use the platform more
intensively and keep the interest in the platfotimea Therefore, interpersonal communica-
tion between the service operator and the customgt be an effective tool for value gen-

eration.

3.1.2 Word-of-Mouth Recommendations as a Marketing Chamne

In contrast to commercially driven, firm-initiatesbmmunication WOM recommenda-
tions are customer-initiated and in less controkh@ firm. WOM communication has re-
ceived broad attention from researchers and pi@utits because of its effectiveness in ac-
quiring new customers (e.g., Engel, Kegerreis, Blagtkwell 1969; Herr, Kardes, and Kim
1991). Harrison-Walker (2001, p. 63) defines WOM'iasormal, person-to-person commu-
nication between a perceived noncommercial comnatmi@nd a receiver regarding a brand,
a product, an organization, or a service“. The nufiference to personal selling is the non-
commercial purpose of the communication. It hasaaly been studied, that in the decision
making process firm-initiated communication is Usuaeen as less credible than WOM
(e.qg., Arndt 1967; Murray 1991). Therefore, WOM cuanication is an effective alternative
to firm-initiated marketing efforts. It has deve&mpinto an important tool for acquiring new
customers and increasing value to the firm (Vileway Yoo, and Hanssens 2008; Wangen-
heim and Bayon 2007). Here, three perspectiveshe{OM communication process are
identified: (1) factors influencing the WOM sendergive recommendations, (2) factors in-
fluencing the attitudes and behavior of the WOMereer, and (3) the importance of the so-

cial relationships between WOM senders and receiver

3.1.2.1 Different Perspectives on the Word-of-Mouth Communtation Process

The Sender Perspective — how WOM giving is influedcUsually, WOM sending is
voluntary and without any initial profit motivatiohe importance of WOM senders is obvi-
ous; they contribute directly to the acquisitionnefv users to the platform. One main ques-
tion addressed in marketing literature is what esiWOM provision, i.e. what factors influ-
ence the proactive spreading of the word about ymsdand services (e.g., de Matos and

Rossi 2008). Several factors have been identifiatiiave significant impact on WOM inten-
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tions and recommendation behavior. In a meta-stlidyntecedents of WOM activity, de Ma-
tos and Rossi (2008) found significant influencéssatisfaction, loyalty, service quality,
commitment, trust and perceived value on WOM afstjwising data from multiple research
papers> Other relevant factors affecting WOM activity aitslinfluence include the charac-
teristics of the WOM sender (e.g., Bansal and VA&@&00; Gilly et al. 1998; Wangenheim
and Bayon 2004b) and motivational factors (e.g.nriigThurau et al. 2004). In online
community research, it has been demonstrated ttateauser participation is a significant
antecedent of WOM activity (e.g., Chen and Hung®0Xoisetschlaeger, Hartleb, and Blut
2008). Overall, these studies provide insights tratwnfluences the provision of WOM. In
order to stimulate WOM the mentioned factors shdaddaddressed to increase WOM com-

munications about the firm’s services.

The Receiver Perspective — how WOM giving influeaaaistomersOther research has
concentrated more on the effects of WOM receptitare, positive WOM has been found to
have a significant impact on product adoption alf ag customer attitudes and perceptions
(e.qg., Arndt 1967; Bone 1995). Thereby, customersebt from retrieving more trustworthy
and reliable information that can be used in denishaking and usage of products and ser-
vices (e.g., Arndt 1967; Murry 1991). It is an effee means to acquire new customers
(Wangenheim and Bayén 2007); some studies even gietWVOM communication is more
effective than traditional advertising or media ssgges (e.g., Engel, Kegerreis, and Black-
well 1969; Hennig-Thurau and Walsh 2004; Herr, Kardand Kim 1991; Katz and Lazars-
feld 1955). Therefore, it represents a cost-efficigay to grow the customer base of a com-
pany. Further, WOM referred users are found to beerfoyal and they generate WOM refer-
rals themselves (e.g., Gilly et al. 1998; Wangemhand Bayon 2004a).

Overall, WOM can affect the customer in differehapes of the decision making process.
In order to better understand how WOM reception iclaence the receiver’s attitudes and
behaviors, an overview of the adoption processhef receiver is helpful. De Bruyn and
Lilien (2008) use three stages to describe possfiexts of WOM in this process: (1) the
awareness stage, (2) the interest stage, andd3jnid decision. In the case of online social
communities, the user would become aware of thecgeby getting WOM from other users.
In the interest stage, the prospective user mightvgpre information about the online social
community through WOM which helps to evaluate tifd worth” using the platform. In the

% To get an overview of research dealing with theeedents of WOM provision please refer to the rsaidy
of de Matos and Rossi (2008).
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last stage the new user decides to adopt the sefis, WOM recommendations may help
the receiver to make an adoption decision. Adopisonnly the start of a customer relation-
ship, in which the user will form attitudes and &elor towards the service or product. Some
research has already observed such post-adoptiectsefStudies by Villanueva, Yoo, and
Hanssens (2008) and Trusov, Bucklin, and Pauw@@92show that compared to traditional
marketing channels WOM is more effective over tiraed customers acquired through
WOM add more long-term value to the firm. On anvidual level, Wangenheim and Bayon
(2004a) observed that referral switchers are matisfeed and loyal after switching to the
service provider. Therefore, the post-adoption pha®f specific interest for online commu-

nities, as continuous user participation is ned¢ddaep the service attractive for the users.

The Relationship Perspective — the role of sociattors in the WOM proces$Besides
the perspectives on WOM senders and receiversetagonship between them adds further
insights on how WOM communication works. WOM builgson social relationships, so that
senders use their social network to give recommenrtato other people (Bansal and Voyer
2000; Reingen and Kernan 198®his is of specific importance for online sociahaauni-
ties because the existing offline social structuwas directly be transformed into online so-
cial relationships. Researchers have identifiedtieial factors impacting the influence of
WOM communication on receivers. Relationships \higfher levels of demographic similar-
ity between the sender and receiver of WOM arevaietd more likely for the flow of the re-
ferral (Brown and Reingen 1987). Similarity on gexigoreferences and values affects the
strength of WOM influence (Gilly et al. 1998; Wamngeim and Baydén 2004b; Wangenheim
and Bayon 2007). Further, with regards to the gtienf the tie between the WOM actors,
strong ties are more likely to be activated thamakvees for referral, and they show a higher
impact on the perceived influence of the referrefbrimation (Bansal and Voyer 2000;
Brown and Reingen 1987.

3.1.2.2 Offline and Online Word-of-Mouth

More recently, WOM occurs not only offline (traditial WOM), but also takes place in
the virtual environment (online WOM or eWOM). Chand Xie (2008) even identified

online reviews as a new element of marketing comaations. Various channels of online

4 Tie strength is indicated by the importance obeial relation, frequency of contact, and type afial rela-
tion (e.g., close friend, acquaintance) (Granovet®y3). It is described in more detail in chafe.1.1.
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WOM have been studied, including posted commentisranommendations on online plat-
forms (e.g., Godes and Mayzlin 2004; Hennig-Thwaal. 2004; Liu 2006), online conver-
sations in weblogs (Kozinets et al. 2010), pasa@lB-Mails (De Bruyn and Lilien 2008;
Huang, Lin, and Lin 2009), or directly recommendprgducts or services found on the web
by using “tell-a-friend” functionalities (Trusov,ugklin, and Pauwels 2009). Although off-
line and online WOM share similarities in their pase, the main difference is the separation
of the WOM sender and the receiver by space artithe:. In the online domain senders and
receivers might hardly know each other, for examphen strangers write product reviews,
which nevertheless can lead to high valuation ofvjgied information (Weiss et al. 2008).
Further, WOM via product rating platforms or weldagan reach a much larger audience on
the web compared to offline conversations, so thate people can potentially profit from
recommendations or critics than in one-to-one csat®ns (Dellarocas 2003). Online tech-
nologies also make it much easier to reach a highber of people simultaneously than in
the offline world. The online channel provides mdaster and instant sending mechanisms,
where the WOM sender can immediately and easilg ggeommendation about a product or
service, rather than waiting until he meets theiraxr in the offline world. Table 4 summa-

rizes different channels and communication modes/Hich WOM communication can take

place.
One-to-One One-to-Many
Communication Communication

Offline m Face-to-face conversation m Customer recommendations in
Word-of-mouth m Telephone conversation mass media

m Social Circles
Online m E-Mail m Online recommendation and
Word-of-mouth a Chat rating platforms

m Tell-a-friend functionality = Weblogs
m Online Forum
m E-Mail lists

Table 4: Examples of Different Word-of-Mouth Typed Channels

Despite the new channels for WOM referrals on titerhet, the predominant volume of
recommendations still takes place offline (KelledaBerry 2006). Nevertheless, consumer

platforms and online communication have become mapo tools for consumers to share
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recommendations, as underscored by the growing euwfbusers. In addition, most online
community operators rely on tell-a-friend functibtyato facilitate new customer acquisition

through online recommendations of their users.

3.2 Social Networks

This section provides an introduction to socialweogks and social network analysis.
First, the theoretical foundation for understandimg main components and visualizations of
social networks are presented. Thereafter, spesuical network elements and the measure-
ment of social network indicators are discussecer@l; this section builds the basis for the
application of social network concepts in the emsplrstudies of this dissertation.

3.2.1 Notations and Basic Concepts of Social Network Canents

The concept of social networks has a long histbryfact, research on social networks
dates back to the early twentieth century, with &har (1934) as the most prominent re-
searcher on social structure at that tfth&loreno is regarded as the ‘inventor’ of the so-
ciogram and founder of the field of sociometry, gbhis dedicated to the measurement of in-
terpersonal relationships in small groups, andoissitlered the precursor to social network
analysis (Wasserman and Faust 1994). Moreno’s neajatribution was the sociogram as a
way to represent the formal properties of socialfigurations, though its innovative charac-
ter is hardly appreciated today, as its use is daws taken for granted (Scott 2000). “A so-
ciogram is a picture in which people (or more galgrany social units) are represented as
points in two-dimensional space, and relationship®ng pairs of people are represented by
lines linking the corresponding points” (Wassernaaual Faust 1994, p. 12). Figure 6 illus-

trates an example of a sociogram (also called phjra

% For a more detailed overview of the historical@lepment of social network theory and social nelwor
analysis refer for example to Freeman (2004), §2600), or Wasserman and Faust (1994).
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Figure 6: Example of a Sociogram

The sociogram thereby reflects the benefits ofciasmetwork®. In contrast to determin-
ing and analyzing individuals as isolated cases,ude of social networks takes the relation-
ships between individuals into consideration. White example, classical and neoclassical
economics operates with an atomized and undersmdalconception of human action
(Granovetter 1985), social network concepts proadieeoretical alternative to the prevailing
perspective of independent social actors (Wassermaad Faust 1994). Social network the-
ory assumes that human behavior is affected bysdlceal network of an individual, where
social structures are in the center of human beh&Biorgatti et al. 2009). Thereby, the pres-
ence of regular patterns of relationship amongraatonstitutes structure (Wasserman and
Faust 1994). The incorporation of the positionsiafjle actors within their social networks
contributes to explain behavioral outcomes. Fomgda, individuals with exactly the same
characteristics and knowledge differ in their omtes according to different positions in the
network structure. An individual with many relatgmps to other individuals can provide and
receive more support than an individual without aagitacts. Thereby, social network analy-
sis is developed to understand the relationshipsdsn individuals as well as the implica-
tions of these relationships.

There are several key elements, which provide #sestfor the discussion of social net-
works. Actors (also called points, nodes, or veg)aepresent discrete individual, corporate,
or collective social units (Wasserman and Fausé)L98ctors are the smallest units in a net-

work. In the case of this dissertation, the actoesthe users in an online social community,

% Wasserman and Faust (1994) note, that many patirileute the first use of the term “social netwiid
Barnes (1954).
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but actors could also represent other groups oplpdike employees, organizations, or na-
tions?’ The relationship between the actors, that is firgiage to one another, is also called
a tie (or line). Ties can represent many differemtial relations. Examples of ties between
actors are transfer of material resources, interactommunication, biological relationship,
or friendships. Ties can be either directed (caleck), for example when actor B sends a
message to actor A, or bidirectional/ undirectealléd edges), when there is a mutual rela-
tionship like a friendship between A and C (assiltated in Figure 6). The structure of the
network is then represented through a set of aetodsa set of ties, which connect the pairs
of actors (Freeman 1978/79; de Nooy, Mrvar, anc@af 2005).

There are two concepts, which are related to theactheristics of the actors and their rela-

tionships to each others: tie strength and homgpBibth are described in the following.

3.2.1.1 Tie Strength

As described above, the concept of social netwmksased on the actors within a net-
work and the social structure of relational tiesween them (Burt 1980; Wasserman and
Faust 1994). Ties can be described by their sthrermgtich represents a “[...] combination of
the amount of time, the emotional intensity, thiemacy (mutual confiding), and the recipro-
cal services which characterize the tie* (Gran@reit973, p. 1361)Ties may range from
strong primary, such as spouse or close friendsgtik secondary, such as seldom-contacted
acquaintances (Reingen and Kernan 1986).

Strong ties are consequently characterized byd(sgnse that the relationship is intimate
and special, with a voluntary investment in theamnel a desire for companionship with the
partner; (b) an interest in frequent interactiangultiple contexts; and (c) a sense of mutual-
ity of the relationship, with the partner's neea®Wwn and supported” (Walker, Wasserman,
and Wellman 1993, p. 76). Strong ties can be vegful in cases of change and uncertainty,
as they provide a base of trust, and are perceagethore credible than weak tie sources
(Krackhardt 1992). They are more easily accessibylmugh close contacts, and thereby have
the advantage of allowing faster information flows.

On the other hand, in weak tie relationships acoesmore loosely bound to one another.
Weak ties are generally established between distemds and acquaintances, who do not
have an intimate and frequent relationship. Grattewe(1973; 1983) emphasizes the

%" The use of the term “actor” does not imply thatsth entities necessarily have volition or the shiti “act”
(Wasserman and Faust 1994).
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“strength of weak ties”. He argues that if an a&dras a strong tie to actor B and also to ac-
tor C, then B and C will be more likely brought édiger by A, compared to the situation in
that A only has weak ties to both B and C (undergtemise that B and C did not have a re-
lationship before). This means, that an actor’selviends are more likely to socially interact
with each other than are the actor’s weak tie aotarces. Therefore, groups of close friends
build a dense social structure, where acquaintanicagocal actor mainly do not know each
other, thus being not densely connected. Howeveakwie contacts are likely to have close
friends in their respective social circles and thnes able to connect two densely knit friend-
ship circles. Consequently, Granovetter (1973)ntéathat weak ties can play an important
role in linking members from one densely knit cluofizlose friends to members of different
other densely knit groups. Having a connectiondopte outside of one’s own clique can fa-
cilitate access to non-redundant flows of inforrmatiln this sense, weak ties can build a
bridge between different social circles (Burt 199®)ese bridging weak ties are of particular
value to individuals. Although not all weak tiesildubridges to distant groups of actors,
weak ties are by far more likely to be bridges thtrong ties (Burt 1992; Granovetter 1983).
In summary, weaker and stronger ties both provigeifscant advantages for the actor,
depending on the specific situation and contextimch the relationship is needed. “Weak
ties provide people with access to information eegburces beyond those available in their
own social circle; but strong ties have greaterivation to be of assistance and are typically
more easily available” Granovetter (1983, p. 20®lated to the discussion of strong and
weak ties are the concepts of network closure aokielbage (Burt 2000), which are discussed

in more detail in chapter 3.3.2 as part of socglital theory.

3.2.1.2 Homophily

Although related to the strength of a tie, homoplsla conceptually distinct concept that
refers to the degree to which individuals are samih terms of certain attributes, such as
demographics, social status, or lifestyle (Browd &eingen 1987 Lazarsfeld and Merton
(1954) differentiate between status homophily aallier homophily: status homophily bases
similarity on informal, formal, or ascribed status;luding socio-demographics (age, gender,
race, religion, occupation, education, etc.), widdue homophily is based on similarities

with regards to values, attitudes, and beliefs. Biginily differs from tie strength in that it

% For an overview of past studies on homophily asdiimensions refer to McPherson, Smith-Lovin, otk
(2001).
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reflects similar attributes that individuals possesio are in a relation, whereas tie strength
describes the characteristics of the social redatipp between the individuals itself (e.g.,
types of relationships such as close friends ovaicances) (Brown and Reingen 1987).

Homophily implies that a contact between similan{enhomophilous) people occurs at a
higher rate than among dissimilar people, and diftgrences in social characteristics relate
to network distance, which describes the numbeelationships through which information
flows to connect two actors (McPherson, Smith-Lownd Cook 2001). There is a tendency
that socially similar people connect with each otinere closely than dissimilar people from
separate social worlds (Burt 1992; Granovetter L9&&0o known as the like-me principle,
this suggests that people tend to interact witlrersttwho are like themselves (Laumann
1966). Further, when individuals are similar, tlaeg more likely to develop greater levels of
interpersonal attraction, trust, and understandingn would be expected among dissimilar
individuals (Ruef, Aldrich, and Carter 2003). O thther side, ties between non-similar in-
dividuals also dissolve at a higher rate (McPherSwonith-Lovin, and Cook 2001).

Overall, homophily leads to the establishment atase relationships and the dissolution
of others. Thereby, McPherson, Smith-Lovin, and KC&001) argue, that homophily also
limits people’s social worlds in their access aadeption of information, their formation of
attitudes, and their interactions. They observe tmamophily in race and ethnicity most
strongly structures individuals’ social environmgeahd relationships, followed by age, relig-
ion, education, occupation, and gender (McPherSorith-Lovin, and Cook 200%5.

3.2.2 Relevant Analytical Tools and Network Measures

Social network analysis is a technique that buiidsn the importance of social networks
for human behavior, and includes different toolsl ameasures to describe social networks
analytically. In order to evaluate the structureaohetwork and compare different ego- or
sub-networks, different network indicators can ladcalated. Network indicators have the
advantage of providing a formal measure, which lmamelated to other relevant variables of
individuals’ or network characteristics. It can ghly be differentiated between two different
levels of observation. First, the network as a whtdn be analyzed, including all its nodes

and their interconnections. Second, the researcd®ritake smaller networks as the unit of

2 McPherson, Smith-Lovin, and Cook (2001) find ttt literature on homophily is remarkably consisten
across different relationships and dimensions ofidyhily, in that social networks are characterizgdhomo-
phily and homogeneity in personal networks.
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analysis, for example focusing on one actor anditrextly connected contacts of this actor.
The later is also called an ego-centered netwbrorisists of the focal actor, called ego, a set
of other actors who have direct linkages to therafthe neighbors of the ego), and the ties
among the neighbors (Wasserman and Faust 1994). d&ua on ego-centered networks are
often referred to as personal network data. Fomgka, the ego-centered network of actor A

in Figure 7 consists of actors B, C, E and F.

Node Cy(n) C4(n) Cy(n) Cy'(n) Cc(n) C.'(n)
A 4 0.80 7.50 0.75 0.17 0.83

B 1 0.20 0.00 0.00 0.10 0.50
C 2 0.40 150 0.15 0.13 0.63
D 2 040 050 0.05 0.10 0.50
E 2 040 150 0.15 0.13 0.63
E F 1 0.20 0.00 0.00 0.10 0.50

. Ego (Focal Actor)
O Nodes (Alters)

— Edges (Undirected Ties) between Actors

Figure 7: Example of Network Measures in a Smati&@d\etwork

There is a multitude of different network measuireghe literature on social network
analysis (for an overview see for example Wasseramah Faust 1994; Freeman 1978/79).
Here, the most relevant indicators are introdu@ée. focus is on indicators on the ego-level,
because these are of specific interest for the rapianalyses presented in chapters 6 and
7.3° The relevant indicators include centrality measwas well as ego-network density. Fig-
ure 7 provides an example of a social network with actors, their relationships to each

other, and the results of calculating the presenetdiork measures.

%0 Because this dissertation concentrates on thestiigeion of network effects on an individual ukarel, the
main interest is to obtain ego-based network measwvhich can be analyzed in conjunction with otg-
level variables.
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3.2.2.1 Centrality

Centrality is a key measure in social network asialyActor-based measures are espe-
cially useful for the analysis on an individual évBasically, the centrality of an individual
actor is the extent to which an individual is lidk® others in the group (Ahuja, Galletta, and
Carley 2003). Centrality represents the ego’s jsin the network, and indicates the access
to resources and information from other actors.r@lmg central actors can control and influ-
ence the information flow between other actorsthar centrality can also be viewed as a
source of informal power because central actorsheare broader access to various resources
(Brass and Burkhardt 1993). The origins of the idkaentrality lie in the sociometric con-
cept of the star-network, with the person in thedte being the most ‘popular’ in the group,
who stands at the center of attention (Scott 208@)sserman and Faust (1994) describe cen-
tral actors as those who are strongly involveceiatronships with other actors, which results
in increased visibility to the others. Several agghes and methods to measure centrality
exist in network research (e.g., Freeman 1978/78¢. most popular and relevant measures

are degree, betweenness, and closeness centtality.

The concept oflegree centrality accounts for the number of ties that are adjaced,
thus directly related to an actor (Freeman 1978 7%he degree centrality of a node is the

number of lines incident with it and is expressgdWasserman and Faust 1994, p. 178):
(3.1) C, (ni ) = d(ni ) = Z X
i

with d as the degree of node, which is the sum of all ties (or linespetween the focal
actori and all adjacent actoysFigure 7 indicates the calculated values fordibgree central-
ity of each node: point A has four direct neighboesulting in a degree of 4, point B has a
degree centrality of 1, and so on.

A standardization of degree centrality helps to para this measure between networks of

different sizesd(n, )denotes the degree of the focal actor gutidle number of nodes within

the network.

31 According to Wasserman and Faust (1994), centrsdiems most appropriate for nondirectional rettio
Because friendship relationships between onlineasoommunity users are mutual, and therefore reudi
tional, the indicators are described for the neeational case. Nevertheless, there also existanalis for direc-
tional relations (see for example Wasserman andtKaa94).

32 de Nooy, Mrvar, and Batagelj (2005) use the teegree centrality also for the degree of an actor.
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d(n)

(32) Cin)= 01

An actor who is in direct contact with many othetaas of the network is potentially a
major channel of information. This actor is likety develop a sense of being “in the main-
stream of information flow in the network” (Freem&®78/79, p. 220).

Betweenness centralitytakes the position of the actor in the entire meknwnto account,
and not only the ties to his direct neighbors. Ateractions between two non-adjacent actors
might depend on other actors who lie on the pa#ta/den the two, this form of centrality
can be included by the idea of betweenness. It unesshe interrelationships or communica-
tion flows within a network and calculates how af@n actor is located on the shortest path
(called geodesic) between all other pairs of actorthe network (Wasserman and Faust
1994; de Nooy, Mrvar, and Batagelj 206%)\Vhen an actor lies either on the only geodesic
or on all geodesics linking a given pair of othetoas, he stands between those actors. An
actor has a high betweenness centrality if he tsndbcated on the geodesics. Thereby, be-
tweenness centrality measures the amount of flotnemetwork, that is in the “control” of a
certain actor, as he is able to cut that flow dbimation (Borgatti 2005). Having control
over the communication between other actors isdmarggage, but more notably actors with
high betweenness are important intermediaries encttmmunication network, that means
they are involved in the interaction of the othetoas (de Nooy, Mrvar, and Batagelj 2005;
Freeman 1978/79). A critical assumption for theibbhstweenness centrality is that all lines
have equal weight, and that communications willétalong the shortest route, regardless of
the actors along the route (Wasserman and Faugl).198en betweenness centrality is de-
noted as the sum of the probabilities of actdying on the shortest paths between all other
pairs of actors (Freeman 1978/79, p. 226-7):

(3.3) Cy(n)=2 9, )/ g,

i<k

with g, being the number of shortest distances for evanyqf actorgk. g, (n;) is the

number of locations on shortest paths of the facébr n, between andk. Consequently,

the betweenness centrality measures the probatikbtya path fron to k takes a particular

33 A path is a sequence of one or more edges.
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route. If there is more than one geodesic betwemrdk, all geodesics are equally likely to
be used. The ratio of these two values is aggrddateesach pair of actors in the network.

Again, standardization of the betweenness centralakes the measure comparable and
independent of the network size:

(34) Cy(n)=Cy(n)/[(g-1)g-2)/2]

The betweenness centrality of the nodes in Figusecélculated based on these formulae.
For example, the betweenness centrality of poimt C.5, i.e. C lies in each case on one of
the two shortest paths between A and D, B and B,(aand F. Consequently, the standard-

ized betweenness centrality equals .15 for point C.

Closeness centralityagain takes the whole network into consideratimt,only the ego-
network, and therefore depends on direct and iotires. It measures the distance of the fo-
cal actor to all other actors within the networkeTidea of this measure is that an actor is
central, if he can quickly interact with all othéi¥assserman and Faust 1994). According to
Freeman (1978/79), the simplest measure is th&abidussi (1966), in which actor closeness
is a function of geodesic distances. Closenessaldytis calculated by the sum of the short-

est distances of a node to all other nodes.

(3.5) cc(ni){id(n_nj)}

d(n;,n;) is the number of lines in the geodesic linkingoext andj (i.e. d(,’) is a dis-
g
tances function). The total distancei @b all other actors ide(ni ,N;) . The closeness cen-
j=1
trality measure takes the inverse value of the sfilistances. This leads to the interpreta-
tion, that a small value of distances (or a langdue of the inverse value) indicates that the
node is “close” to a large number of actors in tleéwork, and therefore more central (e.qg.,
Scott 2000). At the maximum, the index equ@s-1)", which arises when the actor is adja-

cent to all other actors (Wasserman and Faust 19949 measure of closeness centrality is



80

only meaningful in a connected graph, because inrmonnected graph every point is at an
infinite distance from at least one other poinegtnan 1978/79

Standardization makes the closeness measure cdrgaeoss networks (Wasserman
and Faust 1994, p. 185):

g-1

(3.6) Cin)=—
Zd(ni,nj)

=(g-DC.(n)

With respect to the example in Figure 7, the clessrtentrality of A is 0.17 and the stan-

dardized closeness centrality is 0.83.

3.2.2.2 Ego-Network Density

The density of the ego’s network (expressed bycthstering coefficient) describes the
density among its neighbors, i.e. the number @ti@hships between direct neighbors of the
focal actor in relation to the maximum number datiens between these neighbors (Batagal;

and Mrvar 2010).D. is the ego-network density of focal actowith | being the number of

lines between adjacent neighbors drzking the degree (centrality) of the ego

2.
(3.7) DE(ni):W'_l)
Density takes on values between 0 (empty graph)lajwdmplete graph). As it measures
the fraction of the contacts of a given actor wh® @nnected with each other, the clustering
coefficient describes the cliquishness of a netwiMiyer 2009). A network being cliquish
means that if is connected tp andj is connected td&, there is a relatively high probability
thati is connected td& as well (e.g., Granovetter 1973). The densityhef ¢go-network of
actor A in Figure 7 has a value of 0, because trextdneighbors of A (B, C, E, and F) are
not connected to each other. If there would be dditianal connection between A and D,
then the ego-density of A would be 0.20, becausesthre 2 lines between the neighbors of

A out of a maximum of 10 lines.

34« graph is connected if there is a paths betwaesry pair of nodes in that graph.” (WassermanRabt
1994, p. 109). Because the social network of tkearch object in the empirical study of this ditg@n is not
a connected graph, closeness centrality is natdied in the empirical study. However, it is desedilhere to
give a complete overview of the most relevant @dityr measures.
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The applications of social network analysis andptesented indicators are broad. They
are used, for instance, in sociology, biology, ptg;smanagement, psychology, or economics
(for examples see Borgatti et al. 2009; WassermanFaust 1994). Also computer networks
can constitute social networks, when they connecpfe with each other (Wellman et al.
1996). Recently, different studies investigated éffects of user interactions in the online
domain on user behavior (e.g., Dholakia, Bagozzd Bearo 2004; Trusov, Bodapati, and
Bucklin 2010). Thereby, online communities gaindigration of network researchers (e.g.,
Goldenberg et al. 2009; Katona, Zubcsek, and Sa2@t1; Toral et al. 2009). Also in mar-
keting, it has been postulated to take not onlyiddal perspectives into account, but rather
take a more holistic view on social and networkesgimnments (e.g., Achrol and Kotler
1999; Algesheimer and Wangenheim 2006). Therefweial network analysis is increas-
ingly important to investigate social relationshgysl human behavior in online communities.
For example, measures on the individual's positiothe network help to explain user par-

ticipation in online communities (e.g., Wasko arad 2005).

3.3 Social Capital Theory

After the introduction to social networks, its lmasoncepts and analytical measures in the
previous chapter, a useful theoretical framewornk understanding the value of such net-
works for the actors is provided by the concepafial capital. Social network research em-
phasizes the importance of an actor’s positiomith @onfiguration of his network because it
determines in part the actor’'s opportunities anastaints, and therefore plays a significant
role for the actor’'s outcomes (Borgatti et al. 200%ere is a link between the social network
of an actor and the performance of the actor, a tihe performance does not only depend on
the human capital an actor has developed but @tbeosocial capital that lies in his connec-
tion to other actors (Burt 1992). Nahapiet and Glab$1998, p. 243) define social capital as
“the sum of the actual and potential resources eadx within, available through, and de-
rived from the network of relationships possessgé@ib individual or social unit.” Thereby,
the social capital emphasizes the value of sotiat&ires, where relationships are an impor-
tant resource for social action (e.g., Bourdieugt 3urt 1992; Coleman 1988).

Like other forms of capital, social capital helpsachieve certain outcomes that would
not be possible without it. The key difference begw social capital and financial, physical or

human capital is that it is embedded in the so@alm (Wasko and Faraj 2005). While
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physical capital is embodied in observable matéaah, and human capital is embodied in
the skills and knowledge acquired by an individwsdgcial capital exists in the relations
among persons (Coleman 1988). Thus, social capitaast tangible of the different forms of
capital. Burt (1992) highlights two major differesscof social capital compared to financial
and human capital: First, social capital is not ed/iby a single entity (be it an individual or
organization), but is jointly owned by the part@sa relationship, and is lost in the absence
of that relationship. Second, while financial andran capital get invested into production
capabilities, i.e. acquiring raw materials and tongf the raw materials into products, social
capital determines the rate of return on the iragestpital through relations with colleagues,
friends, and clients. Therefore, social capitahlserent in the social structure and offers ad-
vantages through the access of resources from athers. Different outcomes are explained
by human capital through the ability of peopledlhgence, skills, knowledge), and by social
capital though the relationships with people (B000). For example, when two individuals
own similar human capital, that is similar knowledand skills in a certain field, they would
perform differently when one has many trustful tielaships with different circles of col-
leagues and clients, and the other actor only éasstiperficial relationships. Sales persons
might have equal skills of selling products, buisithe sales person with more and diverse
contacts to potential clients and trustful relasioips to these clients who is more successful
(all other things being equal). “The social capitedtaphor is that the people who do better
are somehow better connected” (Burt 2000, p. 347).

3.3.1 Three Dimensions of Social Capital

In order to better understand what constitutesasaeipital, Nahapiet and Ghoshal (1998)
propose three dimensions: structural, relationdl @rgnitive capital. Thetructural dimen-
sion refers to the overall pattern of connections betwactors and includes social interaction
and the location of actors and their contacts (&sdi Ghoshal 1998). Important elements of
structural capital are network ties between actoesywork configuration, and ‘appropriable’
organization (Nahapiet and Ghoshal 1998). Netwim provide three forms of information
benefits: the access to resources and informatienpotential to get information sooner than
others, and the opportunities that arise throudérnas in the future (Burt 1992). Network
configuration describes the overall network streestinow the ties, through which the infor-
mation flows, are arranged and how the networkkfobke’. And through an appropriable

organization, social capital can (in certain cotggke transferred from one social setting to
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another (Coleman 1988; Nahapiet and Ghoshal 1€98an individual level, structural capi-
tal constitutes the properties of the focal uspdsition in the network, which influences the
user’s behavior and can be operationalized by meassuch as density, connectivity, and
centrality (Nahapiet and Ghoshal 1998; Tsai and9Bab1998; Wasko and Faraj 2005).
Thereby, the structural dimension directly relatethe social network measures discussed in
chapter 3.2.

Relational capitalfocuses on the particular relations people hawe which influence
their behavior. Its main elements are obligationd axpectation, identification, trust, and
norms (Nahapiet and Ghoshal 1998). The distinatfostructural and relational capital is that
the former focuses on structure per se, while dber lconcentrates on the quality of the rela-
tion. For example, in online social communities tusers may take equivalent positions in
similar ego-network configurations (i.e. they bbiwve the same number of friends who are
not connected too each other), but if they diffetheir personal and emotional attachment to
other users (i.e. one user shares high identifinand trust with that group and the other user
does not), their actions are also likely to difi&s. already shown in the literature overview in
chapter 2.5, there is evidence that factors liksttridentification, reciprocity, and norms can
facilitate the information exchange through papi&tion in online communities (e.g., Cheung
and Lee 2009; Chiu, Hsu, and Wang 2006; Dholaksyd2zi, and Pearo 2004; Ridings, Ge-
fen, and Arinze 2002). Therefore, relational cdpi@es not only provide access to the in-
formation, but also enhance the willingness foenattion in relationships.

The third dimension is theognitive dimension It refers to those resources providing
shared representations, interpretations, and sgstérmeaning within groups and includes
facets like shared language and codes and sharestivies (Nahapiet and Ghoshal 1998).
The sharing of a social context, in the form ofgaage and narratives, supports the process
of meaningful communication between the actorsoAmon language helps to get access to
information and to make sense of that informatimough common knowledge of its mean-
ing. Shared narratives enable the creation angdfeaof interpretations of events, in the form
of stories shared between actors (Nahapiet and ahd998). Cognitive capital develops
through the interaction of actors over time by sigaskills, knowledge, and interpretations.
Consequently, cognitive capital consists of inditdexpertise, which facilitates the under-
standing of a common language, and experience apflying the expertise (Wasko and
Faraj 2005).
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These three dimensions all contribute to sociaitaa@hey are not completely separated
but might be highly interrelated in certain aspeE example, network structure provides
the opportunity for the actor to exchange resouvads other actors. If the actor has a favor-
able position in the network, he has better diesat indirect access to people who can pro-
vide resources and to the resources they can themingh their relationships. The quality in
the relation to these actors lies in the normsttand identification, which facilitates the mo-
tivation to exchange resources (Adler and Kwon 20B@rther, the actor needs the ability to
interpret and use these resources. Therefore, thesnsions as sources of social capital are

linked to each other.

3.3.2 Benefits of Social Capital

The discussion of social capital is related to dotors in the network, but those are not
necessarily individual persons. Social capital banconceptualized on different levels, in-
cluding individuals (e.g., Wasko and Faraj 2005gkt4 and de Ruyter 2008), work groups
and organizations (e.g., Tsai and Ghoshal 1998pocieties (e.g., Putnam 1995). An impor-
tant aspect of social capital on all levels is ihaestment in social relations leads to an ex-
pectation of benefits. It can be obtained and usedhdividuals for their personal benefit,
and be a public good that is collectively owned @&edves the community as a whole
(Bourdieu 1986; Burt 1992; Burt 1997; Coleman 1988has been argued that social capital
leads to market and non-market returns, includisgrimental and social benefits, which are,
for instance, efficient transfer and use of knowkednd social support (e.g., Adler and Kwon
2002; Matthwick, Wiertz, and de Ruyter 2008). Maancretely, Adler and Kwon (2002)
identified three forms of benefits: (1) informatibenefits are direct benefits that arise from
the broad access to information of higher qualitpeliness and relevance; (2) influence,
control and power benefits allow the actor to gétgs done and achieve goals; and (3) soli-
darity benefits are gained through trust and olexerules that reduce the need for formal
controls.

Different forms of social capital contribute to &ohe such benefits. Particularly relevant
from a structural perspective are two concepts,civtsupport the realization of different
benefits: brokerage (Burt (2000) and network cleq@oleman 1988). Both concepts are re-
lated to the presence or absence of structuraklarld the properties of the network configu-
ration of individual actors and groups. A structurale is a “relationship on nonredundancy

between two contacts” (Burt 1992, p. 65), e.g. mneation between two densely connected
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clusters. Structural holes are thus an opportunitroker the flow of information between
people, and control the resource flow that bringetber people from opposite sides of the
hole (Burt 2000). The argument is based on networicepts such as the strength of weak
ties (Granovetter 1973; cf. chapter 3.2.1.1) artvéenness centrality (Freeman 1978/79; cf.
chapter 3.2.2.1). In a sparse network, actors add bridges between separate social circles
of friends. The focus of this ‘bridging’ social ¢&gh is on the relations of the focal actor to
actors of other groups. In line with the strengthveak ties argument, it is related to the ac-
cess of non-redundant information, ideas and knidgdeWeak ties are most likely to take on
the function of bridging two groups of people. Howe as long as a tie spans the structural
hole it can provide access to information and adnlbrenefits, independent of the tie’s
strength (Burt 1992). Overall, information and powenefits are emphasized through bro-
kerage.

While brokers connect two otherwise weakly connggeoups of people, closure refers
to strongly connected, i.e. dense networks (Bu@02Cor density measurement in ego-
networks see chapter 3.2.2.2). Closure is maximuranwall actors in a network are con-
nected to everyone else. It facilitates the acteggformation and sanctions that make it less
risky for people in the network to trust one anotfigurt 2000; Coleman 1988). Therefore,
closure enables the development of norms, idesitéred trust (Coleman 1988). These soli-
darity benefits help to increase cohesiveness mwhi organization or community (Adler and
Kwon 2002) and can enhance social capital in tharovides the basis for more reliable
communication between the actors. On the other ,hagttvork closure also has negative ef-
fects regarding a reduced tendency to connect atetact with people outside the sub-
network. Based on Granovetter’s (1973) work ondtrength of weak ties a dense network
may result into redundant information within theogp of contacts. In a closed network,
where all contacts are connected, little new infaron would be exchanged within the group
and the members would not be exposed to new kngeladeas and interaction (Burt 1997).

In summary, both concepts provide advantages t@ad¢h@s. A brokerage role, i.e. span-
ning structural holes, gives access to non-redunidormation and promotes control and
power. Network closure does not provide relatiopshio actors with potentially new and
non-redundant information, but facilitates the depment of trustful relationships and group
attachment. Both perspectives contribute to s@apltal, and depending on the situation and
the current needs of the actors within a group,@mne other network configuration can be
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more appropriate. Adler and Kwon (2002) suggest thanagement of organizations and

companies should pay attention to both asp&cts.

Overall, social capital is a useful concept to dretinderstand human action through the
consideration of social relationships. Besidesugis in social studies of families, education,
community life, or democracy, it also gained reles@in organization studies on individual
and organizational performance. Issues researclotade the influence of social capital on
career success, job search, resource exchangedmetnganizational units, supplier relations,
and employee turnover (Adler and Kwon (2002) givehart overview on related studies).
The newest applications of social capital include field of online communities. Recent re-
search has shown that the social capital concegt dot only provide valuable insights for
offline, but also in online structures. Online coomty studies explored certain aspects of
social capital as facilitators of the creation axdhange of information and knowledge (e.g.,
Chiu, Hsu, and Wang 2006; Kankanhalli, Tan, and 2065; Wasko and Faraj 2005; Wiertz
and de Ruyter 2007). Thereby it is demonstratetidiiierent dimensions can influence the
actions of users in these online communities ($&@ ehapter 2.5 which includes some di-
mensions related to social capital in the liteattgview). However, especially the impor-
tance of the structural dimension is underrepreskhy past research. Therefore, this thesis
will provide a deeper understanding of the influmin€ social capital on user behavior in this

respect.

3.4 Further Social Concepts to Explain Social Relationand Behavior

Other relevant social theories can provide a furthnelerstanding of the relationships be-
tween the social context and the behavior of irtligis within this social context. This sec-
tion gives a brief overview of additional theoraticoncepts, which help to explain social
processes and which constitute a basis for therdhieal propositions and hypotheses pre-
sented in the empirical study of this dissertatihamong those concepts are social identity,

social exchange, social presence, and collectiia\ber.

% Adler and Kwon (2002) relate closure and broketagie focus on internal and external ties, ies within

a group and ties to other actors outside the grobereby, closure is more related to internal tids)e broker-
age is related to external ties. However, fora@ihfs of social capital both linkages within andside the group
are important, as both provide benefits relevasiiecific situations, even when the focus is oeml ties.
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3.4.1 Social Identity

Social identity theory is concerned with intergraefations, group processes, and the so-
cial self (e.g., Hogg, Terry, and White 1995; Thjf874). Tajfel (1974, p. 69) defines social
identity as “that part of an individual's self-capt which derives from his knowledge of his
membership of a social group (or groups) togethtr the emotional significance attached to
that membership.” Social identity is related to sloeial groups an individual belongs to, and
is thus in contrast to personal identity, which siets of idiosyncratic characteristics and at-
tributes of the individual such as competence,itglaind interests (e.g., Bhattacharya, Rao,
and Glynn 1995; Lantz and Loeb 1998). Social ideatiion emphasizes the group as “we”,
where personal identity construes the individuatlasr “me” in dyadic relationships with
specific other people (Hogg 2006).

Different components support the establishmenbofas identity, which include a cogni-
tive awareness of one’s membership in a socialm(salf-categorization), a sense of emo-
tional involvement with the group (affective commeént), and a positive and negative value
connotation attached to this group membership (Hmased self-esteem) (Ellemers, Korte-
kaas, and Ouwerkerk 1999). First, social categboras closely related to the concept of
social identity (Hogg 2006; Hogg, Terry, and WHi#95; Tajfel and Turner 1979). Individu-
als fall in social categories (e.g., nationalitgpds team, community, club), to which they
feel to belong, and that provide a definition ofordne is in terms of defining characteristics
of the category as a part of the self-concept (Hogerry, and White 1995). Self-
categorization defines intergroup boundaries ofiadadentity and distinguishes the own
group of people, with which one identifies, fronhet groups, with which one does not iden-
tify. Thereby, individuals want to achieve and nain a positive social identity, where other
groups (outgroups) are evaluated as distinct assl fi'vorable compared to the own group
(ingroup), which results in higher self-esteem (Bno2000; Hogg 2006). Second, the emo-
tional component can be described as the memb#egtise commitment, which presents
the identification with and the emotional attachi@rthe group and fosters loyalty and will-
ingness to maintain relationships in group settifegg., Bagozzi and Dholakia 2002; Meyer
and Allen 1991). Last, the group-based self-estsegstablished through evaluations of self-
worth based on the belonging to a group or commgybBiholakia, Bagozzi, and Pearo 2004).

Overall, the goal of the individual is to reach @sgive social identity, which, in turn,
leads to a greater attachment to the group anlitéses that the individual will stay with the

group and be involved, rather than leave the gfeup, Brown 2000; Tajfel 1974). Identifi-
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cation is also considered as an important facdtfdwlitates the motivation of exchanging
resources and information (Nahapiet and Ghosha8)1@d is thus a basis for the function-
ing of a group. In online social communities, sbaantity plays an important role because
users with high social identity in the communitystdiguish themselves more from other
communities. Within online communities, also subtgrs can identify with each other and
distinguish from other people. The user’s idendificn with the online social community is
based on the understanding that membership leagdgrtidicant benefits, which help to fulfill
the members’ needs (Dholakia, Bagozzi, and Pedadd)20 hereby, belonging to the group is
important for their behavior within that communityeveral researchers highlight the rele-
vance of social identity in the online communityntaxt (e.g., Algesheimer, Dholakia, and
Herrmann 2005; Dholakia, Bagozzi, and Pearo 2004js#schlaeger, Hartleb, and Blut
2008). The identification with the online communatffects the engagement and participation
with the group in the online community. Therefanser behavior can be explained based on
social identification processes. Altogether, soeahtity can affect behavior of the individ-

ual in the group and towards other groups.

3.4.2 Social Exchange

Social exchange theory focuses on people’s deperdem one another with respect to
their needs of social life and on the benefits thedple obtain from and contribute to social
interaction (Molm 2006). Although social exchanges tbeen described from different per-
spectives, there is consensus that it generatagatibhs through interactions (Emerson
1976). Thereby, social exchange theory posits gbeial interaction is based on the actors’
expectations that benefits will arise from the abeixchange for all parties involved. It fo-
cuses on relations of some length and enduranaubedhe payback of benefits is unspeci-
fied (Blau 1964). In social exchanges, one actghindo another actor a favor with a general
expectation of receiving a favor in return in théufe without knowing the exact return
(Kankanhalli, Tan, and Wei 2005). Consequently,cteange theory can be seen as an ap-
proach to interaction and structure based on twaciples: (i) The actor can be modeled as
motivated by interests or rewards/punishments alldehavior can be seen as so motivated;
(i) most interaction consists of the exchange alued (though not necessarily material)
items* (Cook and Whitmeyer 1992, p. 114). The deaido take an action of exchange is
based on cost-benefit expectations. Exchange #®eagsume that actors are self-interested,

seeking to maximize benefits and minimize costsl@a006). Individuals engage in social
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interactions, when they expect reciprocal beneditsh as returned favors, approval, status,
and respect (Blau 1964; Molm 2006; Wasko and F208p). Reciprocity is thereby an obli-
gation to repay the benefits received (Gouldne)l9Based on the norm of reciprocity long-
term exchange relationships can emerge betweersacto

Social exchange can also occur in social netwonkisret necessarily in dyadic relation-
ships (Emerson 1976). This form of the social ergeaapproach emphasizes social struc-
tures within which exchange takes place (Molm 200®)ereby, exchange theory and net-
work analysis are both concerned with the socralctiire, the configuration of relationships
between actors and the actor’s position (Cook aritéyer 1992). Following this, social
exchange and social networks can be linked in conities, for example, in knowledge shar-
ing networks where people exchange knowledge aalssupport leading to benefits from
the exchange (e.g., Kankanhalli, Tan, and Wei 200&sko and Faraj 2005). Interaction and
exchange of information can be interpreted as @dimed social exchange between a group
of people and with indirect reciprocal dependencankanhalli, Tan, and Wei 2005). Bene-
fits or rewards can then increase the frequendytofe behavior on which they are contin-
gent (Molm 2006). In online communities, this meérest expected benefits through recipro-
cal interactions, including valued items such dsrmation from other users, social support,
recognition or status, lead to certain behaviothii group of people. Thus, social exchange
and its link to social networks can help to explateractions and relationships between the

members of a group.

3.4.3 Social Presence

The concept of social presence describes the “deagfrsalience of the other person in the
interaction and the consequent salience of thepateonal relationships” (Short, Williams,
and Christie 1976, p. 65). It is concerned with abdity of a medium to generate a percep-
tion of the communication partner’'s presence,that he is a ‘real’ person. Thereby, social
presence depends on verbal as well as non-verhtdaues (Rice 1993). If there is a good
match between the characteristics of the mediumtla@dgurpose of the communication or
interaction between the involved people, the comoation process will lead to a better out-
come, for example in terms of satisfaction or gff@mness (Rice 1993).

Social presence varies by media, representingubjedive quality of the respective me-
dium, which affects how individuals interact andrcounicate (Short, Williams, and Christie

1976). In addition, certain activities are liketylte affected by the medium’s social presence
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which includes information and idea exchange, mwband conflict solving, getting to know
people and maintaining relationships (Rice 1993r&Williams, and Christie 1976). Differ-
ent communication media show different levels dfi@lopresence according to such factors
as their sociability, warmth, personalness, andgiseity (Fulk et al. 1987). Because of these
differences in social presence, different actigitiié better to different media. When a task is
interpersonally involving, individuals will prefer medium that provides high social presence
(Fulk et al. 1987). For example, solving problemising important advice or providing so-
cial support are activities that would be pursussfgrably through media with a richer con-
text. Thereby, face-to-face is regarded as the ridlanith the highest social presence and
highest appropriateness to pursue most of thearteactivities in organizations, where text-
based communication is a channel of low social ggres (Rice 1993). Thus, individuals
would choose the medium that is most adequatélfit feir situational needs of interaction
with other people.

In the online context, reduced cues lead to mogemsonal and nonconforming commu-
nication than in face-to-face settings (Parks alogd=1996; Sproull and Kiesler 1986). Con-
sequently, it can be argued that computer-mediatedronments like online communities
show lower social presence in the traditional sefbe limitations of communication chan-
nels and the lack in social context cues in compuiediated communication make close re-
lationships more difficult to develop online (Chand Cheng 2004). The lower social pres-
ence of computer-mediated communication environmenay be sufficient to maintain
strong ties when people already know each otheweder, through different functionalities
it is possible to increase social presence, fomgta through visual elements like videos and
photos, emotions provided in text (emoticons), dpsons about the person on profiles, or
immediate communication in chats. Therefore, infation and social support can be pro-
vided in online social communities through the sgseelationships. Online communities
demonstrate that social relationships can deveidipey although it may take longer to de-
velop intimacy, identification, and strong relatstips than in the offline world (e.g., Walther
1992; Wellman et al. 1996).

In past research, it has been shown that Websiialgowesence influences perceived use-
fulness, perceived risk and trust, which affects ifitention to transact in online shopping
(Dash and Saji 2007). Shen and Khalifa (2008) cptuzized social presence in online com-
munities and demonstrated that the perceived lelvebcial presence affects the users’ par-
ticipation behavior. Altogether, this emphasizes thlevance of social presence for online

interaction.
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3.4.4 Threshold Models and Collective Behavior

Threshold models help to explain the success arréanf collective action and are con-
cerned with the influence of collective behavior owividual behavior. According to
Granovetter (1978), collective behavior occursiinations where people have to decide be-
tween two options and their decision is dependenthe number of other individuals that
have already chosen a certain optidReople have different threshold levels, i.e. ifdiials
vary in their cost and benefit levels required boase an alternative. A popular example is
joining a riot. People only join the riot when egbuother people are already involved and
the benefits are perceived as higher as the c@stgerson’s threshold for joining a riot is
defined here as the proportion of the group he dvbale to see join before he would do so”
(Granovetter 1978, p. 1422). Thereby, the concépbltective behavior adds to the knowl-
edge about preferences, motives, and beliefs ditgmations for explaining outcomes.

Threshold models can be applied to various settilogexample, they are used in innova-
tion diffusion (e.g., Valente 1996), but could alsglp to understand the decision to stop an
activity such as leaving a boring lecture. Whensitdering an online social community, the
user has the choice of leaving or staying in tharoaoinity, where the decision is based on the
costs and benefits to do so and depends in pahoanmany others make which choice
(Granovetter 1978). At some point, when the praporof people is large enough who take
one choice, the perceived benefits to the individdaoing the thing in question (staying or
leaving) exceed his perceived costs, which leadthéodecision for the other alternative.
Consequently, the probability of any individual@tt behavior can be described as a func-
tion of the number of other actors in the netwdratttook a certain decision. A key concept
is that of “threshold”, which describes “the numiserproportion of others who must make
one decision before a given actor does so; thiseipoint where net benefits begin to exceed
net costs for that particular actor” (Granovett@r8, p. 1420). This can also result in a chain
reaction: if users defect from communication methe, benefits to the remaining users will
decrease, and the costs increase, thus stimufatithger defection (Markus 1987). Collective
behavior suggests that individual behavior is ddpahon the number of people who already
took a decision of pursuing or not pursuing a dpeeiction. Though in reality more com-

plex, collective action helps to explain human lvatra

% Granovetter (1978) refers to threshold modelsttieat binary decisions, i.e. two distinct and nalljuexclu-
sive behavioral alternatives.
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4 Three Empirical Studies on Network Structure, Attitudes

and Behavior in Online Social Communities

The objective of this dissertation is to investgg#ite effects of structural and attitudinal
factors on user behavior and user perceptionslineosocial communities. Three focus areas
were introduced in chapter 1: user acquisitionr aséivation and user retention. Each of the
three areas is addressed by one empirical stud\etiances the understanding of the influ-
ences on user behavior in online social communiliee empirical analyses address different
research gaps in the field of online community retirig and have significant implications
for community operators on different stages inrttembership development process.

This chapter provides an introduction to the metthagly of the empirical studies that will
be presented in the subsequent chapters. Firslyearmiew of the research approach is given.
The three studies are set in context to the merhipedevelopment process and the main ob-
jectives of the studies are outlined. Second, ¢ésearch site and the data collection approach
are introduced. In this regard, the main variabdeshe data analysis are presented. Chapters
5, 6, and 7 include the details of the three eroglistudies: each section presents the link of
the study to the theory, the derived hypothesesaription of the used data, the analyses to
test the hypotheses, the results, and a discus$ithre results from both a theoretical and a

managerial perspective.

4.1 Objectives and Research Approach along the Membergh

Development Process

Online communities take on important roles in marketoday (cf. chapter 2.3). User
participation and favorable attitudes toward thinencommunity are the most important fac-
tors to keep the community alive and attractiveit®users. Thus, the focus of the empirical
studies is to understand what increases a usatisipation and positive perceptions towards
online communities. The results of the empiricatsts are presented in chapters 5, 6, and 7.
They answer a couple of purposes. On one handnbeyast research on online communi-
ties, the results facilitate a better understandintipe drivers of user attitudes and behavior in
online communities. Several research gaps have ideatified, which will be addressed in
these studies (see below for the outline of thdisg). This provides additional insights for
marketing researchers on how user behavior in eammunities works. On the other hand,
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the practical relevance of understanding the imibireg factors of user behavior will be iden-
tified. In different phases of the membership depeient process specific issues emerge for
the community operators. The generated knowledgénelp to enhance the attachment to the
community and the user’s participation on the piau.

Because the number of contributors (compared te@fgj is generally rather low in online
communities (Nonnecke and Preece 2000), it is wapportant to stimulate participation and
increase the number of active contributions. Conitgusperators must ensure that enough
new and actual content is provided on the webBitequent interaction and contribution is
crucial because it builds a stronger relationshiphe community and keeps the community
attractive for posters and lurkers (e.g., Lin ar 2006; Pajuniemi 2009; Woisetschlaeger,
Hartleb, and Blut 2008). Figure 8 shows the cemrakarch questions and the integration of
the three studies in the generic membership demeapprocess. If the user roles in the life
cycle and the membership development process argyht together, different focus points
can be defined for community operators to buildiecessful online community. The figure
illustrates that there are different stages inrthationship of a user with the online commu-
nity, at which community operators can intervene.

(1) The acquisition of new members is of high ptyofor community operators. Cus-
tomer acquisition is an important step to ensua¢ ahsufficient number of members actively
use the community. Operators need to attract peepte have not yet registered with the
online community (called here ‘non-membé&?s'and convince them to register for the ser-
vice. Different marketing communication channels available to approach prospective us-
ers. Community operators ask themselves which riatkehannels are most effective in
building a strong member base. Of particular releeafor attracting new members to online
communities are interpersonal communications, ¢dilstomer-to-customer and employee-to-
customer communications, because they are effeativefluencing customers (e.g., Herr,
Kardes, and Kim 1991; Palmatier et al. 2006; Pacd Feick 1984) and available for com-
munities of all types and sizes. Therefore, a comapa of those communication channels is
drawn with respect to their impact on users’ pakiggion attitudes and behavior. More spe-

cifically, WOM and personal selling, as well aslioi#- and online-WOM will be com-

3" Figure 8 describes a simplified membership dewveknt process with the most relevant user rolesodigh
additional user roles could be defined, e.g. lemdéis further differentiation does not providelgidnal value
for the discussion of the objectives of the threwpieical studies.

% Because visitors are not relevant for some (clpealine communities, like Facebook, it is refertechon-
members and not to visitors when talking about feofo have not yet registered.
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pared®. This is the first study to investigate theseadifhces in order to answer the question
of how the type of acquisition channel influendes tisers’ participation and perceptions of

the community after registration. It is also analyavhat types of users are attracted by each
channel and how this influences the link betweeanadlel and user attitudes and behavior.

Thereby, the benefits of certain channels are e#éb0d and discussed. For community opera-
tors this provides valuable insights on how to diferent marketing channels to acquire new

users.

(2) After registration for the online community gee, one important goal is to promote
the users’ activity on the platform (Hagel and Atrosg 2006). Many users become passive
users (or lurkers) and just browse the platformhauit any active participati8h Because
active participation is the key element to ensusestainable online community service, pas-
sive members need to be converted into active menaed active members should be culti-
vated to be more active. Therefore, it is crucdaknow what the main drivers of active user
participation are in order to increase participato@havior. Because of the knowledge gap on
how an individual’s network position in the onlinemmunity affects user participation, it is
a priority of this study to analyze its impact (chapter 2.5.5 for the limited empirical evi-
dence of the impact of the structural dimensiome &dditional value of attitudinal factors of
the online community users is also investigatece tiluence of structural and attitudinal
factors is tested based on social capital theodyralated social concepts (cf. chapters 3.2 to
3.4). Further, as distinct user groups differ, mparison of two user groups with distinct so-
cial motives can help to better understand howeattusers differently.

(3) At the end of the user life cycle the user saf@s from the online community. In
many cases the user does not unsubscribe fromethiee, but simply does not return. As
customer retention is an important theme in mankete.g., Bhattacharya 1998; Bolton 1998;
Nitzan and Libai 2011), online community operatoeged to understand why their users leave
the community. Because of the relevance for comtywperators and the lack of knowledge
on this issue in online community research, stuglyiser defection is of high interest. As
identified in the study on active user participatand in line with social theory, the impact of
the network structure and the user’s position aribtwork play a major role in understand-

ing user behavior. Because network measures ailg aaailable their value to explain user

% The definition and operationalization of the chelsrare provided in chapter 5.

“0 Corresponding to chapter 2.5, active participatiotefined as all activities in which the usenay inter-
acts with other users or the platform, and thentributes in the form of written text (e.g., megss, guest-
book entries), providing content (e.g., sendinguail gifts), or submitting ratings (e.g., ratingapds or groups).
In contrast, passive participation is related totent consumption or the receipt of messages, nboteratings.
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defection is assessed. Additional variables conmgithe users’ community engagement are

also considered. The results provide the commumigrator with insights on what drives

user defection, and thus helps to develop measuresain users.

Membership
Development Process

Active
Member

Non-Member

Registered
Member

r

v

Acquisition of Users

* Do WOM-referred users differ
in their attitudes and behavior
compared to users acquired
by personal selling?

« Do offline-referred users differ
in their attitudes and behavior
compared to online-referred
users?

* Do users from different

Passive
Member

2

Defected
Member

Activation of Users

* What are the structural drivers
for active user participation?

* How do attitudinal drivers
affect active user participation
in the presence of structural
drivers?

* How does user motivation
affect the relationship of the
structural and attitudinal

3
O Retention of Users

* What are the structural drivers
for members to defect from
the online community?

* How does community
engagement affect the
members’ defection from the
online community?

« How do the effects on user
defection change over time?

factors on active user
participation?

acquisition channels differ in
their motivation to use the
online community and does
this motivation mediate the
effects on user attitudes and
behavior?

Central Research Questions

Figure 8: Central Research Questions along the Menstiip Development Process

One main theme of all three studies is the conataer of the social context in which the
relationship between user behavior, user attit@ghesits drivers occur. Especially in Studies
2 and 3, the social structure and network positafithie individual users are taken into con-
sideration as an explanation for their behaviottenplatform. The membership development
process is used as a frame that facilitates thetifimtion of appropriate actions, which
community operators can take to ensure the ongaiegess of the online community. Tak-
ing different perspectives along the membershipelbgpment process on the users of the
online social community might also enhance an wtdading of the community operator
about the structure of their user base.

Figure 8 provides a brief overview of the conductedearch studies. Each empirical

study and its research direction are presenteétaildn an own dedicated chapter. Study 1 is
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presented in chapter 5, Study 2 in chapter 6, dandyS3 in chapter 7. Thereby, the three
chapters are similarly structured. First, the ratee of the study is discussed and its contri-
bution and research objective are presented. Tthentheoretical context (with reference to
the concepts presented in chapter 3) and thedirkline community research are described.
Thereatfter, the relevant factors included in tteeaech model are introduced and hypotheses
are developed, which will be tested in the empirstady. A short introduction to the empiri-
cal data and the results of the analyses are fiszbeht the end of each study, the results are
discussed from a theoretical and managerial petispeSome limitations of each study are
also addressed. In the following, an overall intrcttbn to the research design, research ob-

ject and data is given.

4.2 Research Design and Data Collection

For the analyses of the three empirical studieg ftam an online social community is
used. Because of the specificity of the researdstipns, it was necessary to collect a set of
data through different methods. The research objedtdata collection process are described

in more detail in this section.

4.2.1 Research Object

The research object is an online social communitigurope. The type and purpose of the
community can be described by using the classifinascheme presented in chapter 2.2.
Overall, it is an organization-sponsored online oamity with a commercial purpose. The
community is the core business for the communitgrajor. In that, the revenue model is
based to a large part on advertising revenueshérit is a consumer-oriented community,
which is focused on the private life of its usensparticular on topics concerning leisure time
activities and events. An important feature is t@hmunity users can maintain profiles and
articulate their list of friends, which is a defigi characteristic for a social networking com-
munity (Boyd and Ellison 2008). The community operagrovides its users with a platform
to interact with other users by various functiotedi, including sending messages, guestbook
entries, comments on articles and groups, andgsbhpictures, profiles and groups. In addi-
tion, the provider does not rely solely on useregated content but also integrates firm-

produced editorial content. The content and theeeptatform are locally organized, i.e. the
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online social community is structured around sevegions or cities with local content from
those regions. Consequently, it has a geograpfucas as it provides localized content to its
users. Although editorial content is provided, ugenerated content is still one of the driving
forces for success because the amount of firm-gésgeicontent is limited and a higher quan-
tity of user-generated content is necessary torerne sustainability of the online commu-
nity. Members need to interact and exchange infaanan the platform to establish a vivid
community. Because it incorporates different fumadlities to connect and interact with
other users as well as interesting content of teiselated topics, it serves predominantly so-
cial and information needs of its users. Moreoweis a closed community, only open for
registered members to participate. Users needjistee in order to get full access to the con-
tent of the online community.
There are several reasons why this online socianuonity provides a valuable setting
for the empirical studies of this dissertation:
= The online community is vivid. There is a suffidierumber of users and active user
participation behavior on the platform. At the esfd2010, the online community had
more than 30,000 active members, who were conndotedher users. Those users
showed more than 300,000 activities in one month.
= Leisure time activities constitute a broad topicddferent kinds of users. In addition,
the community provides functionality for user irgetion, which is common in many
different online social communities. Therefore, #pplication of the findings to other
online community contexts is possible due to itsergeneral nature.
= The platform offers functionality to maintain pensb user profiles with general infor-
mation on the person, profile pictures and artiwoiaof friend lists. Being connected
to other users and the information about these exrons is a critical element which
makes it possible to investigate the explicit netwstructure and user positions in the
online social community.
= The online social community already exists for salvgears. During the observation
period the functionality of the community and thgdut in the core areas only changed
marginally, which is of particular importance ftwetlongitudinal study (Study 3).
= |t provides an appropriate context for the analgsid comparison of different interper-
sonal communication channels to acquire new uBased on its hybrid content offer-
ing (firm- and user-generated content), commeraia non-commercial person-to-
person marketing-communications occur naturallyabee they are among the most

important and cost-efficient marketing means fariaamedia service providers.
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= Users of online social communities often meet mdy @nline but also offline, as both
worlds can intertwine (Wellman and Hampton 1999)isTis especially true for online
communities, which offer local content. Thus, th&tform also provides an interesting
context to investigate factors that are relateithéooffline world.

= Finally, post-adoption behavior is easy to obsdr@eause the community operator is
able to track participation data in the underlydajabase system and hence allows for
retrieving actual behavioral data. Because of fdui$, online businesses have success-
fully been used to investigate marketing relevapids (e.g., Trusov, Bucklin, and

Pauwels 2009; Villanueva, Yoo, and Hanssens 2008).

In this thesis, the focus is on the described endiacial community that served as the re-
search object for the empirical studies. Becausthebroad purpose of the community and
its comparable functionality to other online so@ammunities, it provides a rich context to
test the research questions. A positive aspeatsgarching one community platform is that
the users have the same understanding of the cbesehject and are embedded in the same
technical infrastructure and purpose of the comtyu@bserving different online communi-
ties simultaneously could lead to undesirable vaea between users of different communi-
ties with regards to some factors. For example ptrécipation in the community could dif-
fer in general, as the behavior is influenced lgyftinctionality and the context of the respec-
tive online community. In addition, setting the @iscon one online community is a common
practice in online community research (e.g., Gotgeg et al. 2009; Katona, Zubcsek, and
Sarvary 2011; Trusov, Bodapati, and Bucklin 2010).

4.2.2 Data Collection

In order to answer the research questions and ertlabltest of hypotheses on the rela-
tionship between certain variables, data is cal@through different channels. The empirical
studies are based on two data sources. First, ammurg/data on the users’ characteristics, be-
havior, and network data is collected by the comitgupperator. Second, a survey is con-
ducted asking for additional member characterisfpegceptions, and attitudes toward the

online social community.

Objective DataObjective data was collected by the community cperd o protect the

users’ privacy, each user is represented by anyamaus user ID in a way that still allowed
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for the observation of user behavior and charasttesi Overall, three types of data are avail-
able: user characteristics, participation data,retd/ork data.

User characteristicare constant variables, including demographic ¢(&ge, gender and
registered region), registration date, the datéheir last login on the platform, and type of
membership (verified or not verifiéd.

Participation dataincludes active and passive user participatiorthen online social
community. Active participation is broken down inteessages sent to other users, guestbook
entries written, virtual gifts sent to other use@@smments on articles and groups, and submit-
ted ratings of photos, groups, and other userdilpso Each time the user pursued an activity
it was counted as one contribution. Passive ppéimn includes incoming activity from
messages, guestbook entries received, virtual gttsived, and profile ratings received from
other users. Participation data is aggregatedroorahly basis.

The network datadescribes the friendship connections of all userthe network. The
network is a closed and complete network, congjstih all members registered with the
online social community. A friendship tie is a malfuundirected tie. Both users need to con-
firm the friendship to establish the online tievbe¢n them. When the friendship is confirmed
by both, the respective other user appears in se€aufriends list on the profile. All friend-
ship ties are included in the entire network data@aanonthly basis, representing all ties at the
end of the respective month. Therefore, changdsdndship patterns can be tracked over
time (which is especially important for Study 3jof this data, the current number of active
ties per user is available for each month. Netwodkcators (as presented in chapter 3.2.2)

are calculated on the basis of this friendship netw

Survey Data.The purpose of the questionnaire was to collec,dahich is critical for
testing the hypotheses in the empirical studieswasg not available as objective data. The
survey was developed on the basis of the researestiqns and served the analyses of Stud-
ies 1 and 2. The objective of Study 1 is to compmhfierent groups of users according to
their acquisition channel in their user behaviad attitudes towards the community. Study 2
includes the users’ attitudes as antecedents of plaeticipation in the community. Conse-

guently, the questionnaire consisted of three pajtgeneral questions on the online social

*1 Verified membership can be achieved by applyingfahentication of one’s personal data. The aditen
tion process requires true personal data, spektyficzal name and address, where the authenticatide can
be sent. When the code is correctly entered ondh@munity website, the user appears as a “verifiredinber,
which is presented as a symbol on the user’s prpfilge and is visible for all other users.
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community membership and community participationattitudes and perceptions towards
the online community of interest, and c¢) demogrejlaita.

The general questiongnclude the users’ number of contacts in the @nltommunity,
thereof the number of contacts they regularly medhe offline world, the tenure in the
online community, and the frequency of visits. tfdéon, the users had to answer questions
on the acquisition channel and WOM referrals alibatcommunity. First, the users were
asked how they initially were attracted to the malsocial community. Multiple choices were
included: referral from friends and acquaintancesitact to an employee (personal selling),
or several other media (print media, radio, onkearch, etc.). Thereafter, all users had to
specify how often they provided and received WONémals to use the online community
via online channels (e.g., sending an E-Mail opaline link) and offline channels (personal
conversation with another person). This set of tioies was of particular interest for Study 1.
The different acquisition channels were based enathswers to these questions. The con-
struction of the group building variables is expkd in more detail as part of Study 1 (chap-
ter 5). Table 5 illustrates the operationalizatidthe questions.

Through an intensive literature review, relevargrastitudes and perceptiorfer the em-
pirical studies had been collected and assessedmbist important factors with respect to the
research context were included in the empiricadistl In Study 1, the main interest is to in-
vestigate the impact of the acquisition channelsvalue-driving attitudes and behavior.
Therefore, important variables in this respect Haeen chosen. In fact, satisfaction, identifi-
cation, and WOM intention are of specific relevararel are frequently used attitudes in
online community and marketing research (e.g., sthgémer, Dholakia, and Herrmann 2005;
Dholakia, Bagozzi, and Pearo 2004; Woisetschlaggartleb, and Blut 2008). In Study 2,
the effect of the relational dimension of socigpital is represented by self-reported attitudi-
nal measures. Besides identification and satisfactieciprocity is additionally included in
the survey as a facet of relational capital. Furttiee literature review revealed that the most
important motivational factors are social and infational needs (cf. chapter 2.5). This is
underlined by the context of the research objethim study because it mainly provides func-
tionality and content that targets these two neBasause of the interest in understanding
different groups of users with respect to their ines, social interaction value and informa-
tion consumption value were chosen to represemtrasg@vation (e.g., Dholakia et al. 2009).
Further explanation of the respective variablegiven in the hypothesis sections of Study 1
and Study 2 (chapters 5.2.2.1 and 6.3.2) and ipteh2.5.4.2, which provides a review of

research on most of the variables.
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Demographic datas included in the last part of the survey whére tisers needed to fill

in data on age, gender, education, and Interndéicf@ocy.

Survey Development and Administratiohe survey included the described survey data.
The questions comprising the data are illustrate@iable 5. General and demographic ques-
tions are operationalized as open questions (eugaper of friends in the network), or multi-
ple choices for the answers are given. The attimloand perceptual variables are measured
by one- or multi-item constructs. The items werewg from existing scales of past research
and adapted to suit the context of this study onrdime social community to ensure face and
content validity. Satisfaction was measured by djnsted scale of the American Customer
Satisfaction Index from Fornell et al. (1996). ldcation items were taken from a scale of
Algesheimer, Dholakia, and Herrmann (2005). WOMemion is measured as a one-item
scale, which was used for instance in the recomatérdintention construct of Maxham and
Netemeyer (2002). Reciprocity is derived from ales@d Wasko and Faraj (2005). For the
motivational constructs, the items are adapted fmlakia, Bagozzi, and Pearo (2004) for
social interaction value and from Mathwick, Wiereyd de Ruyter (2008) for information
consumption value. The answers for all multi-itemestions are based on seven-point seman-
tic differentials or Likert-scales.

The survey was pre-tested using different meth&@ssonally administered interviews
with marketing researchers, online community usans, the community operator were con-
ducted to evaluate the clarity, completeness, atergretation of the questions. Feedback
was provided on any lack of clarity or difficulty fill out the questionnaire. Thereafter, a
guantitative pre-test of the survey was conduateltvd steps. First, a convenience sample of
221 users of different social networking sites wemwvn to test the general applicability of
the survey to the online community context. Secantkst-sample of 71 users of the online
community of interest answered the questionnaingetdy the suitability of the terminology
and the clarity of the questions and scales. Aangrtb the results and the feedback of the
respondents, adjustments in the scales were maeecanstructs, final items and anchors of

the answers are presented in Tabfé 5.

42 The items were formulated in the language of orgfithe online social community. The items werasra
lated and retranslated to ensure that the undelisganemained the same. The original scales (tleaéwsed as
a basis for survey construction) taken from pastaech studies can be found in Appendix 2.
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Multi-ltem Constructs Measures

Satisfaction® With Community XYZ as a whole | am...
1 Very dissatisfied / very satisfied.
Community XYZ as a whole...
Falls short of expectations / exceeds expectations.
Is not very close to ideal community / is very close to ideal community.

My Community XYZ contacts and | have many similarities.
The friendships | have with my Community XYZ contacts mean a lot to me.
4* | see myself as a part of my Community XYZ community.

2
3
Identification? 1 I am very attached to my Community XYZ contacts.
2
3

Reciprocity? 1 I trust that other members of Community XYZ would contribute something to the
community if | contribute something.
2 | know that other members of Community XYZ would contribute something, so it is only
fair for me to contribute something as well.

Information Why do you use Community XYZ? | use Community XYZ, ...

Consumption Value? 1 because | can get relevant Information and photos on Community XYZ.
2 because I think of Community XYZ as a good resource for information and photos.
3 because | can get valuable information and photos on Community XYZ.

Social Interaction Why do you use Community XYZ? | use Community XYZ, ...
Value? 1 to have something to do with other Community XYZ users.
2 to stay in touch with other Community XYZ users.

3 to keep contact to other Community XYZ users.

Single Questions Measures

WOM Intention? | would recommend Community XYZ to my friends and acquaintances.

Frequency of Use® How often do you use Community XYZ?

Marketing Channel® How was your attention drawn on Community XYZ?

WOM online receptions) How many people recommended, through sending an E-Mail or online link for
registration (online), that you should register at Community XYZ?

WOM offline receptions) How many people recommended, in a direct conversation (offline), that you should
register at Community XYZ?

WOM online provisions) How many people did you advise, through sending an E-Mail or online link for
registration (online), that they should register at Community XYZ?

WOM offline provisions) How many people did you advice, in a direct conversation (offline), that they should
register at Community XYZ?

Share of Real 1 How many friends do you have in your friends list in Community XYZ?

Friends® © 2 With how many of your friends from your friends list do you have regular contact in the
real world?

1) anchored with 7-point semantic differential

2) 7-point Likert scales, anchored 1=strongly disagree and 7=strongly agree

3) scale ranging from ,less than once a month“ to ,7 days per week"

4) multiple-choice answers provided: recommendation of friends; employee at a leisure time event; advertising;
online search; editorial article; online article; content on other online communities; other;

5) open question

6) ratio of question 2 divided by question 1 was taken as a measure

* |dentification Item 4 has been dropped due to low item-to-total correlation and low content validity in study 1 and 2

Note: Community XYZ was replaced by the community name

Table 5: Survey Constructs, Items, and Questions
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The final survey was constructed with an onlind togrovide easy online access to the
users. It was sent out by the community operatgetteer with an announcement, which ex-
plained the purpose of the survey and guaranteefidemtiality of responses. In order to at-
tract users to participate in the survey, ten\gfichers were drawn as an incentive for filling
out the questionnaire. The survey was online far feeeks in September/October 2010. Af-
ter two weeks a reminder was sent to all users dwb not participated at that time. The
overall number of relevant online social communi$grs comprised around 30,000 members
at the time of the survey. The relevant user graughe survey-based studies included all
registered users who were still active, i.e. whib ssed the online community at the time of
the survey, and who are integrated in the onlirgasoetwork. As pointed out in chapter 2.1,
online communities are defined by the relationstipsveen users. Users who do not share
any ties to other users are peripheral and notlwedoin the online social network (Freeman
1978/79). Those users are isolated from directliraroent with other users in the network
and cut off from active participation in the onggitommunication process (Freeman
1978/79). For social network analysis, the dataighmclude all social units on which meas-
urements are available (Wasserman and Faust 1B8dause an absence of connections be-
tween users often limits the level of interacti@ng(, ability to consume and/or exchange
digital content), users with friend connections afrenajor interest in social community stud-
ies (e.qg., Trusov, Bodapati, and Bucklin 2010).r€f&re, the data collection concentrated on
those users being integrated in the online sooiaunity and connected to other users.

The final survey sample includes 689 usable regsonavalid responses were excluded
from the sample. Those include responses from grapkof the online social community,
responses with comments such as ‘I do not knowctimemunity’, responses with the same
value for more than 90% of all Likert-scale basetnis, and response times that were dubi-
ously short (e.g., when the user just clicked thhothe survey to take part in the raffle pro-
vided as an incentive to participate). Short respaime is defined as being lower than five

minutes, with a mean fill out time of 12.4 minufes completed surveys.

The empirical studies (presented in the followimguters 5, 6 and 7) are based on the
survey and the objective data presented above. Ulikeydifferent sets of variables that are
appropriate for the respective context of eachystbdr Study 1, the channel by which a user
was acquired by the online community is used tondedlifferent groups of users, who are

*3 The original sample included 819 completed sunfeym active community users.
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compared along different self-reported construnts @articipation data. However, not all us-
ers can be identified to belong to one of the gsoapinterest. Study 2 includes important
measures of social capital, which is related topbgormance of the individual users. While
the measures of the structural dimension mainlye@mm objective data, additional self-
reported variables are used to test their coniohub explain user behavior. Active partici-
pation is retrieved from the objective data. St@dg solely based on objective data. Because
longitudinal data is used, survey constructs weteanailable throughout the entire observa-
tion period. Therefore, its analyses are all base@bjective behavioral data, network data
and user characteristics. Because the analysiseadphgitudinal data, a specific group of
the user population is observed.

Due to different focuses of the respective studiles,size of the used samples for the
analyses varies. This is because not all users shewsame characteristics and different
groups of users are analyzed based on their getieaghcteristics and responses in the sur-
vey. In order to describe the respective samplédsvanables of each study more accurately,
sample characteristics, descriptive statistics, smeanent model evaluation, including the
tests for reliability and validity of the surveynsiructs, are provided in the respective chap-
ters for each of the three empirical studies (capters 5, 6, and 7). In addition, non-response
bias tests and verification tests of the modelspaogided in each study according to the dif-

ferent study populations and constructs in focus.
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5 User Acquisition: A Comparison of Interpersonal

Acquisition Channels for Online Social Communities

5.1 Interpersonal Communication Channels as Means for Ber

Acquisition

Customer acquisition is an important process thaulksl bring the “right” customers to
the firm (Blattberg and Deighton 1996; Hansotia &viang 1997). Thereby, firms use differ-
ent marketing communication channels to acquire negtomers. Among those channels,
interpersonal communications are effective mearactoeve this goal (e.g., Reinartz, Tho-
mas, and Kumar 2005; Wangenheim and Bayon 200&jic@by, interpersonal acquisition
channels can be differentiated into consumer-teitiacommunication (word-of-mouth; e.g.,
Brown and Reingen 1987; Harrison-Walker 2001) anah-fnitiated communication (per-
sonal selling; e.g., Croshy, Evans, and Cowles 1$2§manski 1988). For example, em-
ployees of online services, like local news porteds personally contact potential customers
at local events and encourage them to use thecsgpersonal selling). In addition, the cus-
tomer base of many online firms, like Facebookwgréhrough word-of-mouth (WOM) rec-
ommendation, which is spread between friends irvemations or via some kind of “tell-a-
friend” functionality on the website. Those interg@nal communication modes work in a
similar fashion but are anticipated to impact costo attitudes and behavior differently, as
the relationship between the sender and the raceivihe transmitted message differs, for
instance, because customer-to-customer commumnic&igerceived as more trustworthy
(Murray 1991). Although interpersonal communicatlwas gained large academic attention
in the past (de Matos and Rossi 2008), there ised flor a more differentiated view to better
understand different acquisition channels becausg dre expected to attract different kinds
of customers, for example with respect to theirugahnd loyalty (Verhoef and Donkers
2005).

With different interpersonal channels at hand, $imsk themselves which channels to use
and what impact a channel has on relevant varighkgsdrive firm value and customer eg-
uity. Past research shows that WOM communicatianase effective than traditional adver-
tising or media messages (e.g., Engel, KegerretsBéackwell 1969; Herr, Kardes, and Kim
1991; Katz and Lazarsfeld 1955; Trusov, Bucklingd &auwels 2009; Villanueva, Yoo, and
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Hanssens 2008). Also customers acquired through-difered referral programs show
higher value to the firm than non-referred cust@am@chmitt, Skiera, and van den Bulte
2011). Nevertheless, personal selling can playrgortant role in relationship building with
the goal of creating satisfied and long-term cusiante.g., Crosby, Evans, and Cowles 1990;
Reynolds and Beatty 1999; Solomon et al. 1985h@lgh both communication modes help
to acquire new customers, a comparison of the tsfigcWOM and personal selling on cus-
tomers’ attitudes and behavior has not been tested.

In addition, WOM is not only occurring in the offé world. New technologies emerged
that give the customer the opportunity to transSmMdM messages via online tools. For ex-
ample, Trusov, Bucklin, and Pauwels (2009) usenentecommendation behavior to com-
pare the effectiveness of WOM and other marketimgnoels for social networking sites and
reveal that WOM has a strong impact on customeuiatopn and is more effective than
other marketing channels. One specific shortcoroirtfpis approach is that WOM communi-
cation occurs both online and offline. The KelletyFGroup (Keller and Berry 2006) found
that, although online WOM has recently gained npmopularity, offline is still the predomi-
nant WOM channel with around 90% of WOM communmatdccurring in offline channels.
For marketers, the question arises how effectivi &OM channel is and on which WOM
channel to focus, online or offline.

As various marketing communications can be usdthstbeen demonstrated that custom-
ers acquired through different channels generdterent value (Lewis 2006; Trusov, Buck-
lin, and Pauwels 2009; Villanueva, Yoo, and Hans08). Thus, different channels attract
distinct types of customers according to their ahtaristics. Although customers show dif-
ferent value and attributes, a balanced customefopio is critical to distribute risk and re-
duce the dependence on one specific customer sediaasi et al. 2011). For example, in
online social communities it is important to britaggether both contributors and readers of
content to increase the total value of the platf¢ery., Ridings, Gefen, and Arinze 2006). In
addition, acquisition channels show a differeneetffon customer value for different cus-
tomer segments (Schmitt, Skiera, and van den BA@liel). Therefore it is important to un-
derstand what kinds of customers are attracted tighachannel and how those customers
behave.

The differences between employee-to-consumer conuation (personal selling) and
consumer-to-consumer communication (WOM), and betwenline and offline WOM rec-
ommendations are therefore at the heart of thidystlihe study contributes to the existing

literature on marketing communication channels @M in three ways. First, it elaborates
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on the comparison of the two communication chanoélgersonal selling and WOM. 1t is
shown that post-adoption attitudes and behaviaustomers acquired by the two channels
differ. In the past, only the different effects\WIOM and personal selling concerning the de-
cision making process have been investigated (€ajz, and Lazarsfeld 1955), and the effec-
tiveness of WOM and other marketing channels ineganhave been compared (Schmitt,
Skiera, and van den Bulte 2011; Trusov, Bucklird &auwels 2009; Villanueva, Yoo, and
Hanssens 2008). Second, a distinction of diffetgpes of WOM is proposed and post-
adoption behavior and attitudes for online- andire#freferred customers are compared. This
comparison has received no academic attentionrsdfiégs study demonstrates that custom-
ers from offine WOM referrals outperform onlindeged customers on some of the ob-
served dimensions. Third, customer motivationgfmticipating in the online social commu-
nity are investigated in order to take channel-gjgeaser characteristics into account. The
study compares the motives to use the online seommunity by interpersonal acquisition

channel and tests for the impact of motivation asediator.

5.2 Theoretical Background and Hypotheses

5.2.1 The Social Context of Interpersonal Communications

Interpersonal communication modes work in a sinféahion as they describe the trans-
mission of a marketing message between two adttowever, they differ in the quality of
the relationship between the sender and the recdivaditionally, personal selling includes a
presentation of arguments within a conversatioméen the sales representative and one or
more potential buyers with the goal of selling protd and services (Meffert 2000). Palmatier
et al. (2006) found that relationship marketingnisre effective when relationships are built
with an individual person (e.g., the sales repredgem®) rather than a selling firm, which fa-
vors personal selling over mass media communicationhis study, personal selling takes
place in short employee-user interactions in tHenef world. The sales representative ap-
proaches prospective users at local events byrimjeto the content of the platform and
passing on the online address of the online comtywebsite. Thus, there is some short in-
terpersonal exchange between an individual anddtes person. In contrast to firm-initiated,
commercially driven interpersonal communication€)M is an “informal, person-to-person
communication between a perceived non-commerciaheonicator and a receiver regarding

a brand, a product, an organization, or a servieirison-Walker 2001, p. 63). WOM oc-
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curs not only offline (traditional WOM), but alsakies place in the online environment
(online WOM or eWOM). There are many different @xis in which online WOM can ap-
pear, including recommendation platforms (e.g., €&oand Mayzlin 2004; Hennig-Thurau et
al. 2004), weblogs (Kozinets et al. 2010), E-M#&id& Bruyn and Lilien 2008; Huang, Lin,
and Lin 2009), or tell-a-friend functionality (Traxs, Bucklin, and Pauwels 2009). The main
difference between online and offine WOM is th@amation of the WOM sender and the
receiver by space and/or time. In this study, o&lWOM is related to a personal conversa-
tion between the WOM sender and the receiver, winlene WOM refers to the recommen-
dation of the online community via E-Mail or senglizn online link.

As interpersonal communication is a social phenangerReingen and Kernan (1986)
suggest that the social-structural context withimol interaction occurs should be accorded
explicit recognition. Scholars underlined the intpace of investigating the social aspects
and dyadic quality of the communication, both frtime personal selling perspective (e.g.,
Crosby, Evans, and Cowles 1990; Webster 1968) and/®OM research (e.g., Bansal and
Voyer 2000; Brown and Reingen 1987). In the contdxtommercial interpersonal relation-
ships, Evans (1963, p. 76) states that “the sadeswcial situation involving two persons. The
interaction of the two persons, in turn, dependsnuihe economic, social, and personal char-
acteristics of each of them. To understand thega®chowever, it is necessary to look at both
parts of the sale as a dyad, not individually’h#ts already been postulated by marketing
scholars not only to take individual perspectivé® iaccount but to use a more holistic view
on social and networked environments instead (Achyol and Kotler 1999; Algesheimer
and Wangenheim 2006). As already outlined in chapt2, social network theory assumes
that human behavior is affected by the social ndtwb an individual where social structures
are in the center of human behavior. Two basic eptscfrom social network literature have
received specific attention in studying interpeeocommunications from a marketing per-
spective: tie strength and homophily (e.g., BroBrgderick, and Lee 2007; Brown and Re-
ingen 1987; De Bruyn and Lilien 2008). These twoaapts help to better understand the re-
lationship between the sender and receiver of thkketing message (for a more detailed de-
scription of both concepts refer to chapters 312ahd 3.2.1.2).

With respect to the dyadic relationship it is expdahat WOM communication involves
stronger and more homophilous connections betweredes and receiver than personal sell-
ing. In addition, WOM is perceived by consumersrase credible than firm-initiated com-
munications (Murray 1991). WOM sender and recekrew each other and often share the

same interests, while sales representatives inGd@®ironment are less, if it all, connected
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to the prospective customers. With respect to Gratex’'s (1973) definition of tie strength,
WOM referrals occur in relationships where sendwt @eceiver have more frequent contact,
a more intimate relation, and share higher normgeefprocity, which makes their tie
stronger than the relationship with a sales repteasee. As Hung and Li (2007, p. 486) point
out, “although eWOM is similar to personal sellimgthat it provides explicit information,
tailored solutions, interactivity, and empatheistdning, it has a lower distance between the
source of communication and the receiver than n@rkeduced communications”.

In comparison with online WOM, offline WOM refersahre expected to be stronger and
more credible, and to be occurring between moredpdrious ties. If the WOM sender and
the receiver regularly meet in the offline worldiegommendation would most likely be ex-
changed in a personal conversation. Therefore gugia online channel would indicate a
more distant relationship than offline referralsvoltheories support this argument. The con-
cepts of social presence and social context cuae she view that the reduction in cues
should cause communication in online settings tammee impersonal and nonconforming
than in face-to-face settings (Parks and Floyd 1®&ort, Williams, and Christie 1976;
Sproull and Kiesler 1986). Compared to face-to-fateraction, computer-mediated com-
munication is characterized as low in social presdrecause it typically allows for little ex-
change of nonverbal cues. Sproull and Kiesler (1986nd evidence that E-Mail reduced
social context cues which are usually availablage-to-face communication. In addition, E-
Mail includes only limited signs of personal sinnitg between sender and receiver (Parks
and Floyd 1996), i.e. the perceived similarity, @nds the perceived fit to one’s own needs,
is lower for online WOM receivers. Studies on oaliand offline friendships indicate that
offline friendships show a higher quality of friesidp, including higher commitment, under-
standing, network convergence, and interdependesg&ding the relationship (Chan and
Cheng 2004; Parks and Roberts 1998). Moreover, deaotiiel and Sugiyama (2001) argue
that offline communication strengthens the relatiop-building process of virtual communi-

ties and might be a stronger factor in explainiognmunity members’ embeddedness.

5.2.2 The Effects on User Attitudes and Behavior

The main hypothesis is that users’ post-adoptidraber and attitudes are affected by the
type of interpersonal communication they are exgase Similar to Weitz and Bradford
(1999), who propose that relationship quality sddag measured by a multidimensional out-

put measure, different value-driving factors akeetainto account for assessing the quality of
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the customers’ relationship to the online socianownity. Thus, attitudinal (satisfaction,
identification, WOM intention) and behavioral (comnity participation, WOM provision)
variables are included in this study. The selectibthe dependent variables is based on their
relevance in marketing and online community rededraleed, satisfaction and identification
are two frequently studied variables that measheedttitudes towards a service provider,
which are positively related to customer loyaltythie service (e.g., Bolton 1998; Cheung and
Lee 2009; Dholakia, Bagozzi, and Pearo 2004; Gssbaf Johnson, and Roos 2005;
Woisetschlaeger, Hartleb, and Blut 2008). BehaVi@@ors, such as usage frequency, active
contribution and passive consumption, are focuseth warious community research studies
(e.g., de Valck et al. 2007; Wang and Fesenmai@dlz0Woisetschlaeger, Hartleb, and Blut
2008; see also the literature review in chapte). Zbey are of special interest for marketers
because participation increases the attractivesietb® community and could yield monetary
outcomes for the community operators

In the following, two sets of hypotheses are depetb First, direct effects of the interper-
sonal communication channels for user acquisitiorthe attitudinal and behavioral factors
are hypothesized. Second, hypotheses on the nmdeffect of user motivation between the

interpersonal communication channels and the d#dgwand behaviors are presented.

5.2.2.1 Direct Effects of the Interpersonal Acquisition Chainels

Satisfaction. Satisfaction is regularly based on the expectatisgonfirmation paradigm
and is most often measured as the difference batwestomer expectations and the actual
service or product performance (Oliver 1997). Wt product or service exceeds custom-
ers’ expectations they will be satisfied. In strdiggrelationships, senders know more about
the needs and preferences of receivers becausetbay more frequent and intimate rela-
tions with them (Granovetter 1973). They are traeeinore concerned about the receivers’
needs (Clark, Mills, and Powell 1986). Strong tes used dependent on the requisite knowl-
edge for understanding the receivers’ individuahrelsteristics and needs (Kiecker and
Hartman 1994). Accordingly, WOM senders, and mgrecsically offine WOM senders,
should be more familiar with the needs of theirtaots. Consequently, the expectations of
the prospective users are more likely to be metrwhformation comes from close personal
contacts because the differences between needseavide performance are expected to be
smaller based on the prior knowledge. Informatimmf sales representatives, who want to

bring the individual to the platform, have loweedibility and higher risk that the expecta-
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tions cannot be met, which potentially leads te Ieatisfaction after adopting the service.
Further, because WOM has been shown to be an igfetieans of reducing pre-purchase
risk (Arndt 1967; Murray 1991), WOM-referred usestsould be less likely to experience
cognitive dissonance than users coming from petssmiiing. Because of the negative rela-
tionship between dissonance and satisfaction (Oi987), WOM and offline-referred users
should be more satisfied in the post-adoption phaspporting this, Wangenheim and Bayon
(2004a) observed that referred customers are natigfied and loyal after switching to the

firm than non-referred customers. Moreover, offlceversations can be richer in informa-
tion with the presence of social context cues (Mark994; Sproull and Kiesler 1986). This
results in more social attitudes and better undedshg of the offline than the online WOM

receiver on what to expect from the service. Tloeefit is hypothesized:

Hla: Compared to users acquired by personal seliN@M-referred users are more sat-
isfied with the online social community.
H1lb: Compared to online WOM-referred users, offW©M-referred users are more

satisfied with the online social community.

Identification. Identification with a group can be considered as gum of the relation-
ships a person has with other users of an onlic&lsoommunity. In this context, social
identity describes the “individual’s identificatiomith the group in the sense that the person
comes to view himself or herself as a member of dbemunity, as ‘belonging’ to it”
(Dholakia, Bagozzi, and Pearo 2004, p. 245; see dlapter 3.4.1 for an introduction to the
social identity concept). The integration into ghesting community is therefore important to
establish a strong identification with the membafrshe online social community. A better
integration of users with strong tie relationshipgshe sender can be explained by Granovet-
ter's (1973) assumption, that if A (the WOM recejvand B (the WOM sender) are con-
nected by a strong tie and B and C (an existingambrof A in the community) are connected
by a strong tie, then A and C must also be condeayea stronger tie. For weaker sender-
receiver ties the connection with other memberghefnetwork would be less likely. Users
coming from referrals build relationships with athesers faster, in higher volume, and with
stronger ties to their overall individual sub-netit® When acquired by a sales representa-
tive, the integration in the community is expectede less deep. In addition, as strong rela-
tionships and homophily are interrelated (e.g., M@Bon, Smith-Lovin, and Cook 2001),

higher similarity in the developed network of th@anuser will support the identification with
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other users. Because offline WOM referrals are ggeeti as more trustworthy due to higher
social presence and social context cues, the effiéfierred user should be more likely to
identify with the group of people in the online ammity because he knows better what to
expect. As online WOM receivers will normally nat bs integrated as offline WOM receiv-
ers, their identification with the community wiledower. Recent studies showed that offline
activities increase the belonging to a virtual camity, strengthening the links between
members (Koh and Kim 2003/04; Lin 2007). This letdthe following hypotheses:

H2a: Compared to users acquired by personal sellW@®M-referred users show higher
identification with the online social community.
H2b: Compared to online WOM-referred users, offiW®©M-referred users show higher

identification with the online social community.

Online community participation.Participation and usage behavior are key variatoes
generating income for online social communitiepeeslly for advertising based business
models. Participation depends on how well the usantegrated in the community, that
means how strong his relationship to the commuisitye.g., Algesheimer, Dholakia, and
Hermann 2005; Dholakia, Bagozzi, and Pearo 2004sk&/@and Faraj 2005). Stronger and
more homophilous ties facilitate the integrationusérs into existing online network struc-
tures. Granovetter (1973, p. 1362) supports thes/\by stating, that “the stronger the tie be-
tween A and B, the larger the proportion of induads in S [the social network of the WOM
sender] to whom they will both be tied, that isnected by a weak or strong tie.” This over-
lap in their friendship circles is predicted to lbast in personal selling relationships, where
there are predominantly no initial connectionsht® tommunity; and it is most in offline re-
ferrals, as the WOM sender is already embeddetdarcommunity and has a stronger rela-
tionship to the WOM receiver. Users exposed to Widtdgrate more likely and quickly into
the online social network and establish more shamdacts with the WOM sender. Better
integration in the community would enhance theratgon with other members, and thus the
overall participation (Algesheimer, Dholakia, andrriann 2005).

Recent research on online services found that asepsred through traditional marketing
show lower log-in behavior than WOM-referred custosn (e.g., Villanueva, Yoo, and
Hanssens 2008). The hypotheses include three eliffeneasures of participation because

different perspectives to investigate the impacthef communication channel can contribute
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to a better understanding of the effects on paditon (see also the discussion on active vs.

passive participation in chapter 2.5). Therefdres hypothesized:

H3a-5a: Compared to users acquired by personalrsglWOM-referred users are par-
ticipating 3a) more actively by contributing conteda) more passively by re-
ceiving more content, and 5a) more frequently andhline social community.

H3b-5b: Compared to online WOM-referred users,immdflWOM-referred users are par-
ticipating 3b) more actively by contributing contedb) more passively by re-

ceiving more content, and 5b) more frequently andhline social community.

Word-of-mouth provision.Gilly et al. (1998) found that the consumers’ imdjness to
give referrals correlates with the significanceytigese to such information themselves, sug-
gesting that WOM receivers will tend to be WOM sersdas well. Moreover, people who
exhibit high similarity share the same interesthi@ online social community, be it either the
content or the interaction. Being acquired throstgbhng tie relationships would indicate that
the receivers would evaluate the service similaM©OM senders, resulting in WOM recom-
mendations from receivers to other people. In W@bbmmendation networks it can be seen
that WOM messages flow through networks of strond weak ties (Brown and Reingen
1987), suggesting that WOM is often forwarded tohfer people. Recent research found, that
customers acquired through WOM generate more ful@M than those acquired through
other marketing channels (Villanueva, Yoo, and Kans 2008). Moreover, Wangenheim
and Bayon (2004a) showed that referred customersidad significantly more positive
WOM to other people than customers who did notggtreferral.

For the comparison of online- and offline-refertegkrs, the view of Gilly et al. (1998)
can be extended into the differentiation of the WO®M channels. This means that offline
WOM receivers tend to give more offline WOM, andine WOM receivers tend to provide
more online WOM, because of the significance thayegthemselves to these channels. In a
more general perspective, WOM intentions shouldligker for offline WOM-referred users,
as those users are expected to be better integrathd online social community. Thus, the
online social community is more important to thefmck results in higher intentions to give

positive recommendations about the service. Tlaiddeo the following hypotheses:
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H6a-8a: Compared to users acquired by personairegllWOM-referred users are 6a)
more willing to give WOM in the future, 7a) mordiae in giving online WOM,
and 8a) more active in giving offline WOM.

H6b-8b: Compared to online WOM-referred users,igfWOM-referred users are 6b)
more willing to give WOM in the future, 7b) lesgiee in giving online WOM,

and 8b) more active in giving offline WOM.

Acquisition of different customer type®ifferent acquisition channels are expected to
address distinct user groups, emphasizing diffeneeds. Therefore, user motivation is in-
cluded in this study to reveal potential differendmtween user groups. The involved indi-
vidual motives for the use of media are often exjygld based on the uses and gratifications
approach. In recent years, this approach was wsstlitly motives of individuals to use the
Internet (Flanagin and Metzger 2001; Papacharisdi Rubin 2000), virtual communities
(Dholakia, Bagozzi, and Pearo 2004; Sangwan 2@01),social networking sites (Park, Kee,
and Valenzuela 2009). Different reasons to usenentnedia have been identified in these
studies, with the value of the single motives delr@non the purpose or type of the commu-
nity (e.g., Dholakia, Bagozzi, and Pearo 2004). Tokthe main motivational factors are the
value one obtains from the information that is lde on the community website (informa-
tion consumption value) and the value one gets somal relationships with other members
(social interaction valuéf. Recent research has already demonstrated thetamperof both
information and social value in online communitjesy., Dholakia et al. 2009; Wiertz and de
Ruyter 2007). Information seeking is a main objextio visit websites and has been seen in
many online communities as one of the key motivettige.g., Ridings and Gefen 2004;
Wasko and Faraj 2000). Social aspects are the priedat factor for the offering of online
community services and even important in informatior knowledge-sharing platforms
(e.g., Mathwick, Wiertz, and de Ruyter 2008).

Different communication channels may emphasizeerkfit values to the prospective
user, and therefore address different needs. WOMNumication is based on the intimate
relationship of the sender and receiver. Sociakeispare therefore central for senders to

bring their friends and acquaintances to the conitywim contrast, personal selling is sup-

4 While information value is considered as a funmiovalue the user derives from the online so@ahmu-
nity, maintaining interpersonal connectivity emghas the social benefits. In online social comrrigsitvith a
hybrid content offering those two factors can bensas reflecting well the two main values of thetfokm —
information and community. Although there are matiyer needs that can be fulfilled by using an eniom-
munity, these two factors have been identifiedembspecific relevance (see literature reviewhapter 2.5).
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ported by directly promoting the content offerirgghe platform, thus pointing out informa-
tion value. Personal selling is often more inforimatdriven, where sales representatives
highlight advantages of the serviteHaving a stronger relationship with the receiwdfline
WOM channels should emphasize the social value @/vgenders bring their offline net-
work into the online world. Therefore, the socigkraction value is expected to be higher for
users referred offline. Online communication stessthe social aspect less, as the distance is
greater between sender and receiver. As bothneftind online WOM can profit from in-
formation benefits, users coming from the two WOMarnels are not expected to differ in
their information consumption value. The final séthypotheses includes motivational fac-

tors, differentiated by the acquisition channels:

H9-10a: Compared to users acquired by personairsgllWOM-referred users are 9a)
more driven to use the online social community agfoits social interaction
value and are 10a) less driven to use the onlirascommunity through its in-
formation consumption value.

H9-10b: Compared to online WOM-referred users,igfWOM-referred users are 9b)
more driven to use the online social community agfoits social interaction
value and 10b) do not differ in their informatioonsumption value to use the

online social community.

5.2.2.2 Mediation Effects of User Motivation

As already noted, social values might be more doeded in relationships between closer
friends and in offine WOM conversations. In costranformational value would be rather
emphasized in personal selling conversations, wieremployee wants to convince the user
by emphasizing the quality of content offered oa Website (e.g., articles, reports, photos,
or videos). Both, social interaction value and infation consumption value are potential
drivers for people to use the online community (Bkia et al. 2009; Wiertz and de Ruyter
2007). Thus, motivations are expected to affecatiludinal and behavioral variables in this
study, i.e. having an impact on satisfaction, ideation, WOM intention and provision, as

well as on user participation.

“5 Note that there is no pre-selection in the comiyusperator’s personal selling channel with regacdse
motivation of the prospective users. Community espntatives rather randomly choose people at difter
events and introduce to them the online communéksite and its content offering. Personal selliognauni-
cation is quiet short (in this case) and theretonly some limited information is distributed.
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When users perceive high levels of social and méironal value of the online social
community, through which they are driven to use plaform, their expectations are more
likely to be met. Therefore, based on the userpearnce with the platform, higher motiva-
tional values should lead to higher satisfactiomaials the online community. The greater the
informational and social usefulness of informati@md social interaction received in the
online social community, the greater will be theception that one has helped oneself
(Dholakia et al. 2009), which potentially influeiscne assessment of user satisfaction. In the
same manner, if social value and intention to atewith other community members is high,
identification is expected to be higher. With higcial motives to use the community, the
user is more interested in other members of thenomamity and can thus identify more with
them. If information is highly valued, the userassumed to identify more with the topic of
the community. Thereby, these users are potentnatlye similar to other users concerning
their interest in the content and context of thengwnity, thus leading to higher identifica-
tion as well. In past research, value perceptiaetbeen shown to impact the users’ social
identity (Dholakia, Bagozzi, and Pearo 2004).

Users who are highly motivated to socially intenatth other users of the online commu-
nity are expected to participate more in turn; othee they would not capture the social
value they associate with the platform. In additigreater perceived social benefits would
result in a higher commitment to the community #mefeby a stronger feeling help and in-
teract with other users (Mathwick, Wiertz, and deyfer 2008). If information value is per-
ceived as high, users would show increased paatioip on the platform in order to retrieve
more of the highly valued information. Last, if thalue is high, be it either social or infor-
mational value, it would be worth recommending dnéne community to other people, who
are not members yet, because it could also be blaldar them to use the platform (fulfilling
their needs). In line with the direct hypothesedtmn differences of the perceived social in-
teraction value and information consumption valreusers from different channels, the fol-

lowing indirect effects through user motivations aypothesized:

H11: The effect of the Marketing Channel (WOM \sspnal selling) on the attitudinal
and behavioral outcomes is mediated a) by soctatattion value and b) informa-
tion consumption value.

H12: The effect of the WOM Channel (offline vsir@)lon the attitudinal and behavioral
outcomes is mediated a) by social interaction vane b) not by information con-

sumption value.
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5.3 Empirical Study — Methodology

Figure 9 summarizes the hypotheses of the diréettsfdeveloped in the previous section
(the mediated effects will be addressed subseqguenthapter 5.4.4). To test the hypotheses,
data from the online social community is used, Whi@s introduced in chapter 4. There are
several reasons why the online social communitgnisadequate research object to observe
interpersonal communication. First, the observedersocial community allows for a com-
parison of commercial and non-commercial persopeison marketing communications. As
both, firm-generated and user-generated conteawaslable, firm-initiated and customer-
initiated communications occur naturally. Second)M plays an important role for online
social communities. They often grow mainly becaos®&/OM recommendations and com-
munity operators often facilitate online WOM invitans to join the platform. Third, online
social communities mostly cover both worlds, asmeand offline social networks regularly
get mixed. Thus, both phenomena can be observdidéand offine WOM). Finally, post-
adoption behavior can be observed by the meanseobltjective data that was collected by
the community operator. Consequently, both datacesu- self-reported survey data and ob-

jective data — are used in the empirical analysis.

Satisfaction
H1

Identification
H2

H3-H5 Participation

Acquisition Channel
a) WOM vs. PS
b) offline vs. online WOM

WOM
H6 Intention

H7-H8 WOM
Provision

Control Variables
Age H9-H10
Gender
Tenure
O attitudinal variables O behavioral variables WOM = Word-of-Mouth; PS = Personal Selling

Figure 9: Study 1 — Influence Model of Acquisit@hannels
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5.3.1 Data and Sample Characteristics

Overall, 689 survey responses are used in thig/sisalsee chapter 4 for more informa-
tion on the research design). The users in the leastigted that they are still using the online
social community and that they are connected tatimemunity, thereby indicating that they
are ‘true’ community users. This ensures the coalphbty of the various communication
channels because people who are not involved icdghemunity do not have the opportunity
to be as active as other users. Further, as thiy siraws upon the social context of the users,
it is important to focus on users who are embedidéide online social communify.

In order to ensure generalizability of the resuttsn-response bias should be avoided.
Therefore, it is tested for non-response bias usva approaches. First, the responses of

early and late respondents are compared by usimgrttend extrapolation (Armstrong and
Overton 1977). Gender and education are testeddansof y*-tests, while all other con-

structs are tested using t-tests comparing the malaes. No significant differences appear
at p<.05 level (see Appendix 3). These results ssigtpat non-response bias is not likely to
be a major concern for the study. Second, it iete®r differences between respondents and
non-respondents regarding their general charattsrisoncerning the platform (which are
also available for non-respondents), namely agedeye tenure, number of received profile
visits, number of contacts in the users’ friendsli@nd active participation. A comparison is
conducted between the 689 respondents to the saneyctive non-respondents of the en-
tire online social community (with a last log-intdaf less than two months before the send-
out of the survey), who had at least one contatests of profile visits, number of contacts
and gender do not show significant differences. elmw, t-tests of age, tenure and active
participation show significant differences (p<.0Blevertheless, age and tenure reveal only
minor differences. The mean age of the respondsrdsly 2.2 years higher than that of the
non-respondents. In addition, non-respondents haeager tenure (4.3 month longer) than
respondents in the online community. In order tcoaat for possible effects of age, gender
and tenure, these variables are included in thysesmas covariates to correct for their pos-
sible effect when comparing the user groups ofr@ste Last, active participation is signifi-
cantly higher for the users in the survey samplewéter, the survey sample also includes a

large number of users with no or few contributi¢®8 % of the users made less than 23 ac-

“6 Users in the sample have a self-reported numbtenids in the online community of at least onertRer,
the sample consists of users who indicated thgtdhe still active.
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tive contributions in the two months of interesthich eliminates the risk of having only

heavy users in the survey sample.

Definition of Acquisition Channels.Two variables are used to describe the groups-of u
ers exposed to different communication channels. Warketing Channel’ differentiates be-
tween WOM and personal selling. The ‘WOM Channéffedentiates between offline and
online WOM. The users were first asked to identifgir initial point of contact, which has
drawn their attention to the online social commynithe answers included WOM, personal
selling, and a set of different other channels.aBee of the focus on interpersonal communi-
cation channels and their relevance for user attguisonly WOM and personal selling are
considered as groups for the Marketing Channefadt, these two channels had by far the
most answers (see Table 6). Users who answeredhizatwvere brought to the community
through the recommendation of friends and acquaiets are assigned to WOM. Users who
stated that they had contact to an employee ataréetime event are assigned as personal
selling acquired. In the analysis on the differ®tarketing Channels, only those users from
personal selling are taken into account, who didraoeive any subsequent WOM because
WOM is assumed to have a stronger effect than patselling and would thereby lead to
mixed effects.

Independently from the question on the Marketingu@tel, the users were asked to spec-
ify the number of WOM recommendations they receifredh other people online (through
E-Mail or an online link) and offline (direct persal conversation). These answers are di-
chotomized in zero and one or more WOM receptidhgy are then used to distinguish us-
ers by WOM Channel in users who received only m&iWOM and users who received only
online WOM. Since the objective of this study isinvestigate the effectiveness of offline
versus online WOM, users who either received no W@Nboth, online and offline, WOM
are not considered in the analysis. Because WO¥gneral is assumed to be more effective
than other communication channels (e.g., Engel,ekegs, and Blackwell 1969; Herr,
Kardes, and Kim 1991; Trusov, Bucklin, and Pauvi2€89; Villanueva, Yoo, and Hanssens
2008), all users who received online or offline WQ®&&pectively are considered here. This
also includes users who first heard about the erdircial community via other channels, but
subsequently or simultaneously received referrais fother users. An overview of the sam-

ple characteristics and different user groups @fobnd in Table 6.
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% of users Mean Std.Dev.
Gender (female) 54 % - -
Age (in years) - 23.79 9.23
Membership tenure (in months) - 14.20 12.90
Internet usage per week (in hours) - 4.25 3.96
Active Participation (log-transformed) - 1.38 1.88
Passive Participation (log-transformed) - 2.07 1.53
Marketing Channel (through which users got to know the online community)
WOM 43 % - -
Personal Selling 45 % - -
Other Channels 12 % - -
Word-of-Mouth Channel (referrals given and received)
WOM given offline 57 % 4.20 21.51
WOM given online 33% 1.86 7.34
WOM received offline 61 % 1.97 3.64
WOM received online 32% 0.82 2.35
WOM received offline only 37 % - -
WOM received online only 8% - -
WOM received both online and offline 24 % - -
no WOM received 31% - -

Std.Dev. = Standard Deviation; WOM = word-of-mouth
n=689

Table 6: Study 1 — Sample Characteristics

5.3.2 Measurement of Constructs

All attitudinal scales, frequency of use, WOM reto@p and provision, as well as the

plained in more detail in chapter 4.

demographic variables are derived from the onlum®esy. The attitudinal factors, i.e. satis-
faction, identification, and WOM intention are megexl using multi-item scales, from exist-
ing research, adapted to the context of this stAdlyother variables consist of single ques-

tions. The survey development and the operatios@diz of the scales and questions are ex-

Three behavioral measures are included in thisystadinvestigate the impact of the

communication channel from different perspectiequency of site use (measured in days
per week) is a self-reported measure taken fromstimeey. Recent studies have used fre-
guency of use to observe participation in commasitfe.g., Algesheimer, Dholakia, and
Herrmann 2005; de Valck et al. 2007; Dholakia, Bagoand Pearo 2004). In addition, two

behavioral measures were used in form of objeatata, collected by the community opera-
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tor. On the basis of this data, two indices arestroicted, which describe the active and pas-
sive participation on the platform. Active partiatfpn includes out-going activity, i.e. mes-
sages to other users, guestbook entries, sendingtedl gifts to other users, comments on
articles and groups, as well as submitted ratimgphmtos, groups and profiles. Passive par-
ticipation includes incoming activity from othereus, including messages, guestbook entries,
virtual gifts and profile ratings. Both measures aggregated activity data from a period of
two months which started two weeks before the suwas sent out and ended two weeks
after the survey closed. In addition, behavioralaldes also include the self-reported num-
ber of WOM provided to other people online andioél The natural log-transformation
(In(x+1)) is used for the objective data and fdf-seported data with open ended scales (ac-
tive and passive participation, number of WOM psta) in order to control for extreme
outliers and to reduce skewness (e.g., Wasko araj EG05). Therefore, results must be

carefully interpreted in terms of the absoluteatifinces between user groups.

5.3.3 Measurement Model Evaluation of Self-Reported Latévieasures

Standard validity and reliability tests for the sy measures are conducted. All relevant
statistics are provided in Table 7. The reliabibfythe scales was assessed using Cronbach’s
alpha with a minimum value of 0.7 being satisfagt®unnally 1978). To evaluate the unidi-
mensionality of the proposed scales, exploratocyofaanalyses for each construct are con-
ducted?’ To test for internal consistency and discrimineaitdity, confirmatory analyses are
accomplished. Asymptotically distribution-free (AP chosen as an estimation method,
since it shows more security in samples that migittpresent multivariate normality (Byrne
2010)* The tests are executed for the multi-item consdrused in this study.

Two further measures to evaluate internal consisterm constructs are used — composite
reliability (CR) and average variance extracted E&VThe composite reliability is a measure
analogous to the Cronbaachcoefficient (Fornell and Larcker 1981) with a sagtgd cut-off
value of 0.6 (Bagozzi and Yi 1988). The averageavene extracted estimates the amount of
variance captured by a construct’'s measure relativendom measurement error (Fornell

and Larcker 1981). Estimates of AVE above 0.5 aresitlered supportive of internal consis-

" Only one factor was extracted from each scaléefiai used: only factors extracted with eigenvahigher
than 1, factor loadings higher than 0.5, and aifségmt total explained variance).

“8 To pursue confirmatory factor analysis, the sofenygackage AMOS is used, which provides functidyai
specify and test structural equation models.
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tency (Bagozzi and Yi 1988). The results shown abl& 7 are satisfactory and therefore in-

dicative for good internal consistency.

Self-Reported Measures Number of Standard Cronbach’s Lowest Composite Avgrage

ean o Item-to-total e Variance
from Survey Measures Deviation Alpha . Reliability

correlation Extracted

Satisfaction 3 4.57 1.20 .83 .66 .86 .67
Identification 3 3.27 1.64 .90 .79 .90 .76
Information Consumption Value 3 4.86 1.72 .87 74 .88 71
Social Interaction Value 3 3.49 1.86 .90 .73 .90 .75
WOM Intention 1 4.02 2.07 - - - -
Frequency of Use (in days per week) 1 2.12 2.40 - - - -

n=689; CFA: executed only for multidimensional measures using ADF (asymptotically distribution-free) estimation

Table 7: Study 1 — Descriptive, Reliability andeimtal Consistency Statistics for Self-
Reported Measures

Correlations 1 2 3 4 5 6 7 8 9 10 11 12 13
1 Satisfaction 1
2 Identification 355+ 1
3 Active Participation? 254%% 247% 1
4 Passive Participationt) ~ .189** .227** .833* 1
5 Frequency of Use .329%* 293* 702* .635** 1
6 WOM Intention 593** . 404** 256** .184** .333** 1
7 WOM Provision Online? .178* .161* .058 .073 .166** .268* 1
8 WOM Provision Offlinel) .286** .265* .270* .300%* .342** .399** 479* 1
9 Information Cons. Value .271* .110**-.034 -040 .021 .368* .126* .159** 1
10 Social Interaction Value .311** 477* 433* .393** .441** .380* .254* .339**-.024 1
11 Age .036 .007 .047 -.031 -.025 .078* .017 -.069 -.125** 107> 1
12 Gender -.095* -.152**-125*- 013 -.118**-.105**-.030 -.085* .037 -.161**-274** 1
13 Tenure .034 .070 .243* .294* 292** 001 .078* .268**-.041 -.172**-040 -.032 1

* p<.05; ** p<.01; n=689
1) natural log-transformed variables

Table 8: Study 1 — Correlations of Variables

Discriminant validity verifies that a construct ssgnificantly distinct from other con-
structs that are not theoretically related to iICRA-model is used, which includes four latent
constructs (satisfaction, identification, infornmati consumption value, social interaction
value) with three items each. Results show thatbdel fits the data well (Hu and Bentler

1999). The goodness-of-fit statistics for the moded as follows: ¥ (48)=70.90, p<.05,
CMIN/DF=1.477, NFI=.958, CFI=.986, TLI=.981, RMSEA26, SRMR=.034. Further, the
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correlations among the latent constructs are |divan 0.8 points (Bagozzi 1994; see Table
8). In addition, a test of discriminant validity sv@erformed as suggested by Fornell and
Larcker (1981). Discriminant validity is achievddthe AVE by the underlying construct is
larger than the shared variance (i.e. squared latioes) with other latent constructs. This
condition is satisfied for all of the cases. In sumternal consistency and discriminant valid-

ity are satisfactory and permitted to include thesestructs in the hypotheses tests.

54 Results of Main Analysis

To test the hypotheses, two MANCOVAs are first nmall attitudinal and behavioral
dependent variables — one with Marketing ChannegDMWs. personal selling) and one with
WOM Channel (offline vs. online WOM) as independeatiables. It is controlled for the
effects of age, gender and terfdres covariates. Both MANCOVA results show that Mk
ing Channel (Wilks lambda = .775, F=11.12, p<.04yl &VOM Channel (Wilks lambda =
905, F=3.10, p<.01) had significant main effeatstlve set of dependent variables, suggest-
ing that there is an overall difference betweernrsiseming from diverse channels. To further
understand the effect of the different Marketingl ANOM Channels, separate univariate
ANCOVAs on each of the dependent variables are weted, including the same covariates
(age, gender, and tenure). In order to answergheified hypotheses, only two channels are
compared at a time, including an examination of paeameter estimates of the different
channels, which is similar to the approach of La&yh, and Morgan (2007). Figures 10-12
visualize the mean values of all dependent vargafdethe various communication channels.
Table 9 summarizes the results for the marketimgnoanication channels; Table 10 includes
the results for the WOM Channels.

*9 Due to missing values in the objective data, tefisiincluded in form of the self-reported variahtea con-
trol variable.
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Comparison of Attitudinal Variables
by Marketing Channel

Comparison of Attitudinal Variables
by WOM Channel
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Comparison of WOM Provision
by Marketing Channel

Comparison of WOM Provision
by WOM Channel
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Figure 12: Study 1 — Comparison of WOM ProvisiorAlgguisition Channel

5.4.1 Marketing Channel: Word-of-Mouth vs. Personal Seilj

For the comparison of Marketing Channels, two gsoofusers are specified: users com-
ing from recommendations of friends to the onlioeial community and users coming via
the personal selling channel to the platform with@ceiving any additional referral. Sepa-
rate ANCOVAs on each dependent variable show overghificant effects including the
Marketing Channel type and the covariates on gdeddent variables (p<.10).

Parameter estimates are used for subgroup compaiibe personal selling group is used
as the reference group (having a value of zerog ddmparison of WOM-referred users
(WOM) and users coming solely from the persondingechannel (PS) shows a significant
difference for all dependent variables other thatnstaction. Compared to the group of users
acquired by personal selling, the analyses sudbatusers referred by a friend or acquaint-
ance identify more with the community, participatere on the platform in terms of active
participation, passive participation, and frequentyse, have higher WOM intentions, and
provided more WOM to other people online and o#lifrurther WOM-referred users value
information consumption lower but social interantimgher than users acquired by personal
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selling. The exact results are illustrated in Tahldltogether, these results support most of

the above outlined hypotheses. Only hypothesisisihat supported.

Dependent Variables

Satisfaction Identification Acpve_ PE.IS.S'V? Frequency of
Participation Participation Use
B p B p B p B p B p
Constant 4439 0.000 ** 3.141 0.000 *** 1.056 0.002 *** 1700 0.000 *** 2,051 0.000 ***
Covariate
Age 0.005 0.515 -0.009 0.359 -0.009 0.384 -0.015 0.085* -0.035 0.009 ***
Tenure 0.004 0.350 0.006 0.334 0.024 0.001 ** 0.019 0.001 *** 0.050 0.000 ***
Gender -0.263 0.036 ** -0.363 0.035* -0.459 0.015* -0.041 0.788 -0.709  0.003 ***
Marketing Channel 0.112  0.406 0.656 0.000 ** 0.954 0.000 *** 0.954 0.000 *** 1.103 0.000 ***
Hypothesis Test Hla n.s. H2a  supp. H3a  supp. H4a  supp. H5a  supp.
Dependent Variables
. - Social .
. WOM Provision WOM Provision . Information
WOM Intention . . Interaction
Online Offline Cons Value
Value
B p B p B p B p B p
Constant 3.725 0.000 ** 0.091 0.527 0.611 0.001 ** 2.659 0.000 ** 5579 0.000 ***
Covariate
Age 0.012 0.311 0.004 0.331 -0.009 0.096 * 0.004 0.674 -0.011 0.245
Tenure 0.000 0.999 0.002 0.452 0.018 0.000 ** 0.013 0.058* -0.002 0.715
Gender -0.519 0.013* -0.063 0.427 -0.275 0.004 *** -0.496 0.008 *** -0.031 0.860
Marketing Channel 0.395 0.078 * 0.375 0.000 ** 0.511 0.000 *** 1.328 0.000 *** -0.925 0.000 ***
Hypothesis Test H6a  supp. H7a  supp. H8a  supp. H9a  supp. H10a supp.

Marketing Channel = Word-of-mouth (=1) vs. Personal Selling (without received WOM; =0);
n=398 (WOM=271; Personal Selling=127)

* p<.10; ** p<.05; *** p<.01

Hypotheses Test: supp. = supported; n.s. = not supported

Table 9: Study 1 — Separate ANCOVA Results for &teadx Channel

5.4.2 WOM Channel: Offline vs. Online Word-of-Mouth

Further ANCOVAs are conducted in order to test thikkerence between the WOM
Channels. In the ANCOVAs all users who received affline referrals (offline WOM) and
all users who received only online referrals (oaliWOM) are included. The overall ANCO-
VAs, including WOM Channel type and the covariata®, significant for all dependent vari-
ables observed (p<.10), except for online WOM miovi and information consumption
value.

More important for testing the hypotheses is thegarison of offline WOM and online
WOM channels. Therefore, parameter estimates dhefivOM, with online WOM as the
reference group (having a value of zero), are ussgrs who received WOM via offline

communication are more satisfied, willing to giveOM in the future, gave more offline



127

WOM to other people, and participate more with egsfgo active participation, passive par-
ticipation, and frequency of use. For identificatiand online WOM provision no significant
effects are observed. On the motivational dimerssimifiine and online WOM receivers do
not differ significantly in their information consyption values, but they show significant dif-
ferences on their social interaction value. Theseilts support hypotheses H1b, H3b, H4b,
H5b, H6b, H8b, H9b and H10b, while H2b, H7b are sugpported (see Table 10 for the re-
sults).

Dependent Variables
Satisfaction Identification A_cpve_ PQS.SN? Frequency of
Participation Participation Use
Beta p Beta p Beta p Beta p Beta p
Constant 4538 0.000 ** 3.644 0.000 *** 0.298 0.544 1.035 0.008 *** 1.416 0.023 **
Covariate
Age 0.001 0.876 -0.006 0.618 0.029 0.036 * 0.012 0.263 -0.008 0.647
Tenure -0.003 0.541 -0.004 0.614 0.031 0.000 ** 0.032 0.000 *** 0.056 0.000 ***
Gender -0.427 0.002 ** -0.641 0.001 *** -0.595 0.007 *** -0.242 0.166 -0.671 0.017 **
WOM Channel 0.351 0.053 * 0.237 0.338 0.574 0.046 ** 0.729 0.001 *** 0.812 0.026 **
Hypotheses Test H1lb supp. H2b n.s. H3b supp. H4b supp. H5b supp.
Dependent Variables
. - Social .
. WOM Provision WOM Provision . Information
WOM Intention . . Interaction
Online Offline Cons Value
Value
Beta p Beta p Beta p Beta p Beta p
Constant 3.708 0.000 *** 0.444 0.020 * 0.670 0.007 *** 3.085 0.000 *** 5.690 0.000 ***
Covariate
Age 0.008 0.583 0.002 0.699 -0.014 0.049 * 0.009 0.517 -0.033  0.011 ***
Tenure -0.010 0.261 -0.001 0.716 0.021 0.000 ** 0.016 0.050* -0.005 0.480
Gender -0.607 0.012 * -0.067 0.431 -0.270 0.017 * -0.727 0.001 ** -0.080 0.701
WOM Channel 0.640 0.040 * -0.092 0.408 0.532 0.000 ** 0.512 0.069 * -0.219 0.421
Hypotheses Test H6b supp. H7b n.s. H8b supp. H9b supp. H10b  supp.

WOM Channel = Offline (=1) vs. Online WOM (=0)

n=310 (offline WOM=257; online WOM=53)

* p<.10; ** p<.05; *** p<.01

Hypotheses Test: supp. = supported; n.s. = not supported

Table 10: Study 1 — Separate ANCOVA Results for Vid@ahnel

5.4.3 Step-Down Analysis

It has to be noted that most of the dependent blasaare to some degree interrelated
with motivation (social interaction needs and/diormation consumption needs). Variation
in a particular variable may be due to the depecelei that variable on the motivational
variables. “Step-down analyses provide useful mfaiion because they test whether varia-
tion in a certain dependent variable is due toractliassociation with the manipulation or to
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its dependence on other dependent variables” (Bagox Yi 1989, p. 274). Because of the
theoretical a priori ordering of the dependentatales in the form that attitudes and behavior
follow motivational factors (see for example DhaotgkBagozzi, and Pearo 2004; Lampe et
al. 2010; Matthwick, Wiertz, and de Ruyter 20089l éime given correlations between motiva-
tion and most of the remaining dependent variabdésp-down analyses are conducted.
Thereby, the objective is to examine a possibleiatieth effect of motivation (social interac-

tion value and information consumption value) betweommunication channel and the out-
come variables in order to test whether the comopatioin channel still has a direct impact

on the other dependent variables. By examining ridga variables in a predetermined or-
der, the step-down analysis gauges the distindribotion of each variable to the between-
group variance as the variable is added to therakgye variable set (Bagozzi and Yi 1989;

Yi 1993). Therefore, information consumption vahred social interaction value are used as

additional covariates in the analyses.

Dependent Variables

Satisfaction Identification A_c_tlve_ P"?‘S.S""?
Participation Participation
Beta p Beta p Beta p Beta p
Constant 2.800 0.000 *** 1201 0.002 *** -0.255 0.557 0.777 0.032 **
Covariate
Age 0.006 0.333 -0.008 0.330 -0.010 0.287 -0.016 0.051 *
Tenure 0.003 0.543 0.002 0.755 0.019 0.003 *** 0.016 0.004 ***
Gender -0.172  0.139 -0.177 0.254 -0.263 0.134 0.104 0.476

Social Interaction Value 0.171 0.000 ** 0.363 0.000 *** 0.393 0.000 *** 0.292 0.000 ***
Information Cons. Value 0.212 0.000 ** 0.175 0.000 *** 0.048 0.339 0.026 0.525
Marketing Channel 0.082 0.544 0.335 0.062* 0.477 0.019 ** 0.591 0.001 ***

Dependent Variables

Frequency of WOM Intention WOM Prowswn WOM Prowsmn
Use Online Offline
Beta p Beta p Beta p Beta p
Constant 0.100 0.855 0.346 0.441 -0.360 0.065* -0.290 0.201
Covariate
Age -0.037 0.003 *** 0.015 0.136 0.005 0.294 -0.009 0.091 *
Tenure 0.043 0.000 *** -0.004 0.554 0.001 0.613 0.016 0.000 ***
Gender -0.447 0.044 ** -0.318 0.080 * -0.029 0.713 -0.198 0.030 **

Social Interaction Value 0.522 0.000 *** 0.378 0.000 *** 0.065 0.002 *** 0.149 0.000 ***
Information Cons. Value 0.101 0.111 0.425 0.000 *** 0.050 0.027 ** 0.091 0.001 ***
Marketing Channel 0.504 0.050 * 0.287 0.172 0.334 0.000 *** 0.397 0.000 ***

Marketing Channel = Word-of-mouth (=1) vs. Personal Selling (without received WOM; =0);
n=398 (WOM=271; Personal Selling=127)

* p<.10; *k p<.05; *okk p<01

Hypotheses Test: supp. = supported; n.s. = not supported

Table 11: Study 1 — Step-Down Analysis ResultMaoketing Channel



129

In Table 11, the main effects and group comparisamesincluded for the Marketing
Channels of interest. Step-down analysis revealsWOM-referred users still differ signifi-
cantly in comparison to personal selling acquiredrs regarding their identification with the
community, active participation, passive participat frequency of use, and online and off-
line WOM provision when motivational factors aredted as covariates. However, the effect
of satisfaction is still insignificant. Further etleffect of WOM intentions becomes insignifi-
cant. This suggests that the variation in thisaldd is due to its dependence on motivational
factors rather than due to the direct influencéhefMarketing Channel. Therefore, the effect
of Marketing Channel on WOM intention does not hatten information consumption value

and social interaction value together are constlasemediating variables.

Dependent Variables

Satisfaction Identification A_c_tlve_ P"?‘S.S""?
Participation Participation
Beta p Beta p Beta p Beta p
Constant 2.792 0.000 *** 1597 0.001 *** -1.044 0.054 * 0.127 0.769
Covariate
Age 0.005 0.546 -0.005 0.603 0.023 0.056 * 0.007 0.466
Tenure -0.006 0.173 -0.010 0.118 0.022 0.002 *** 0.026 0.000 ***
Gender -0.227 0.070* -0.321 0.055* -0.224 0.250 0.038 0.806
Social Interaction Value 0.256 0.000 *** 0.427 0.000 *** 0.515 0.000 *** 0.392 0.000 ***
Information Cons. Value 0.168 0.000 *** 0.128 0.005 *** -0.044 0.406 -0.053 0.209
WOM Channel 0.256 0.112 0.046 0.831 0.301 0.230 0.517 0.010 **
Dependent Variables
Frequency of WOM Intention WOM Prowswn WOM Prowsmn
Use Online Offline
Beta p Beta p Beta p Beta p
Constant -0.561 0.415 -0.316 0.568 0.059 0.805 -0.235 0.440
Covariate
Age -0.014 0.375 0.019 0.120 0.002 0.649 -0.012 0.079 *
Tenure 0.046 0.000 *** -0.015 0.043* -0.002 0.503 0.019 0.000 ***
Gender -0.204 0.410 -0.232  0.243 -0.014 0.872 -0.170 0.120
Social Interaction Value 0.643 0.000 ** 0.466 0.000 *** 0.070 0.002 *** 0.127 0.000 ***
Information Cons. Value -0.001 0.990 0.455 0.000 *** 0.029 0.203 0.090 0.002 ***
WOM Channel 0.482 0.130 0.501 0.051* -0.122 0.270 0.487 0.001 ***

WOM Channel = Offline (=1) vs. Online WOM (=0)
n=310 (offline WOM=257; online WOM=53)

* p<.10; ** p<.05; *** p<.01

Hypotheses Test: supp. = supported; n.s. = not supported

Table 12: Study 1 — Step-Down Analysis Result$yioM Channel
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Table 12 shows the results of the step-down arsafgsithe WOM Channels. Again, in-
formation consumption value and social interactiaiue were treated as additional covari-
ates. The overall impact of WOM Channel on paspaicipation, WOM intention and off-
line WOM provision is still significant when motitrtanal factors are treated as covariates.
The influence of WOM Channels on satisfaction, \ecarticipation, and frequency of use
become insignificant. Therefore, those variables dependent on the motivational factors,
predominantly on social interaction value. The direffect of WOM Channels on those de-
pendent variables does not hold true. Thus, ordimé offline WOM-referred users do not
significantly differ in their effect on those vabias when controlling for motivations. Here,
the mediating role of motivation with regards torngoof the dependent variables can also be
observed.

In order to check for the robustness of these tgsalternative methods are used. All
main analyses were repeated using separate remreasnlyses with heteroskedasticity-
consistent standard errors, including the acqarsithannel and the respective covariates as
the independent variable on each of the outcom®rfa@s the dependent variable. The re-
sults do not show any substantial differences ¢éoathes described above. This confirms the
findings. Additionally, the non-parametric Kruskadallis test and bootstrapped regressions
are used, which address potential issues of nomatldy. In the Kruskal-Wallis test, the di-
rect effect of the acquisition channel on eachalde is estimated. The bootstrapped regres-
sions used the same data as in the models desaidme@® in the main analyses. Again, all
results from the main analyses are supported. @nwhy, the robustness of the results was
checked for potential deviations from regressiosuagtions, resulting in supportive results
for the analyses described in this section (seeeAgx 4). Therefore, in a next step the po-

tential mediation effects of user motivations carabalyzed.

5.4.4 Mediation Analysis

5.4.4.1 Mediation Effects of Motivations — Methodology

Additional analyses are used to assess whethasftbets of the acquisition channels are
mediated through user motivation because the sesfithe step-down analyses indicated po-
tential mediation effects. Thereby, the objectvéa investigate the mediator role of motiva-

tion and test whether the direct effects of theu&ition channels on user attitudes and be-
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havior still hold>® Because motivation is a central trigger for bebgvivhich has been dem-
onstrated in recent research by its influence ttudés and behavior in online communities
(e.g., Dholakia, Bagozzi, and Pearo 2004; Lampe et al020atthwick, Wiertz, and de
Ruyter 2008), the users’ value perceptions araided as potential mediators in the research
model. Different mediation models are tested wiughsist of the type of acquisition channel
as the independent variable, the two motivationabdes as mediators (social interaction
value and information consumption value), and thpethdent variables satisfaction, identifi-
cation, active participation, passive participatibequency of use, online and offline WOM

provision, and WOM intention. Figure 13 illustratbe different mediation models.

Social
Interaction
Value

Acquisition
Channel

Dependent
Variable

Information
Consumption
Value

WOM vs. Personal Selling
offline vs. online WOM

(Satisfaction,
Identification,
Participation,
WOM Intention,
Control Variables WOM Provision)
Age
Gender
Tenure

Figure 13: Study 1 — Mediation Model of Acquisit@hannels

The objective of this study is to analyze the diefects of the acquisition channels and
how they change when mediation is considered. Rezagnd Hayes’ (2008) procedure to
perform regression-based multiple mediation analyseemployed in order to test whether
motivational factors mediate the relationship betwéhe mode of user acquisition and atti-
tudes and behavidt. This method has the advantage of being indeperidentdistributional
assumptions regarding the parameter estimateféomtirect path. The mediation is tested

by an evaluation of statistical significance levelghe indirect effect from the independent

* This study focuses on the mediation between theisition channels and important outcomes for @nin-
cial communities. It is acknowledged that thereadse interdependencies between the outcome vasidil
focus. For example, the relationship between satitefh, identification and active participation Mik investi-
gated in chapter 6 of this thesis. In this studydner, the focus is set on understanding how thaméls differ
in their behavioral and attitudinal outcomes of tisers and how motivation mediates.

*1 The most commonly utilized method for testing fieediation is one suggested by Baron and Kenny (1986
However, researchers have recently suggested thiegct test of the mediating effect is superiotite Baron
and Kenny method (Preacher and Hayes 2004).
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variable (X) via the mediator (M) on the dependeariable (Y). Thereby, mediation is indi-
cated when the effects of X on M and of M on Y hoth significant (Preacher and Hayes
2008). The direct effect of X on Y without considgon of mediators must not necessarily be
significant for mediation to occur (Preacher andy@$a2008). The Preacher and Hayes
method makes use of the bootstrapping procedurerebly, the bootstrapping procedure re-
peatedly takes samples from the original samplé;iware used to derive estimates from this
re-sampled data. The distributions of the estimfites all re-sampled data serve as empiri-
cal, nonparametric approximation of the samplingjribution of the indirect effect and are
used to obtain confidence intervals for the indireffect (Preacher and Hayes 2008). If the
bootstrapped confidence interval (GlIpf the indirect effect through the mediator does n
include zero, the mediating effect is significaptgacher and Hayes 2008).

For each path from X through M on Y, three regm@ssiare estimated here DM,
M->Y, and X2Y with inclusion of mediators). In multiple mediati regression the media-
tion via one mediator is controlled for the othezdiator, which is an advantage over several
single mediator regressions (Preacher and Haye®) 200e following bootstrap analyses use
5,000 bootstrap samples.

5.4.4.2 Direct Effects of Motivations on Attitudes and Behaior

All effects of social interaction value on satigfan, identification, WOM intention,
WOM provision and participation are significant goakitive. Therefore, a higher perceived
social value is associated with stronger attituded behavior towards the online social
community. In the same manner, higher informationscimption value leads to higher satis-
faction, identification, WOM provision and WOM imiton. However, it does not signifi-
cantly influence the users’ participation on thatfdrm. These results are mainly consistent
in both subsamples: the one comparing the Markefingnnels and the one comparing the
WOM Channels. The only exception is that for thalgsis sample of WOM Channels, the
effect on online WOM provision is insignificant. &the section “Direct Effects — ¥ Y” in

Table 13 for a summary of these results.

*2|n the analysis and results discussion of thiiaedt is referred to the bias-corrected and am@éd confi-
dence intervals when indicating the Cl values. Ugpel lower values of the confidence interval dyaimed
from a 90% ClI.



Acquisition Channel

Marketing Channel®

WOM Channel?

Coeff. p Coeff. p
Direct Effects
X-->M
Acquisition Channel --> Social Interaction 1,3279 ,0000 *** ,5123  ,0690 *
Acquisition Channel --> Information Consumption -,9253  ,0000 *** -,2188  ,4212
M-->Y
Social Interaction --> Satisfaction , 1710  ,0000 *** ,2559  ,0000 ***
Social Interaction --> |dentification , 3633 ,0000 *** /4270  ,0000 ***
Social Interaction --> Active Participation ,3927  ,0000 *** ,5153  ,0000 ***
Social Interaction --> Passive Participation ,2915  ,0000 *** ,3920 ,0000 ***
Social Interaction --> Frequency of Use ,5218  ,0000 *** ,6426  ,0000 ***
Social Interaction --> WOM Intention , 3780  ,0000 *** ,4656  ,0000 ***
Social Interaction --> WOM Provision Online ,0654 ,0021 *** ,0704  ,0018 ***
Social Interaction --> WOM Provision Offline ,1487  ,0000 *** ,1268  ,0000 ***
Information Consumption  --> Satisfaction ,2124  ,0000 *** ,1682  ,0000 ***
Information Consumption  --> Identification , 1746 ,0001 *** , 1284  ,0046 ***
Information Consumption  --> Active Participation ,0478 3387 -,0436  ,4060
Information Consumption  --> Passive Participation ,0265 5249 -,0529 ,2090
Information Consumption  --> Frequency of Use ,1010 1111 -,0009 ,9895
Information Consumption  --> WOM Intention ,4255  ,0000 *** 4547  ,0000 ***
Information Consumption  --> WOM Provision Online ,0497  ,0269 ** ,0295  ,2028
Information Consumption  --> WOM Provision Offline ,0906 ,0006 *** ,0002  ,0024 **
X -->Y (mediation model)
Acquisition Channel --> Satisfaction ,0815 5444 2562 1121
Acquisition Channel --> |dentification , 3355 ,0625 * ,0459 8308
Acquisition Channel --> Active Participation A766  ,0192 ** ,3006 ,2302
Acquisition Channel --> Passive Participation 5912 ,0005 *** ,5166  ,0104 **
Acquisition Channel --> Frequency of Use ,5038 ,0503 * 4824 1304
Acquisition Channel --> WOM Intention ,2868  ,1723 ,5013  ,0508 *
Acquisition Channel --> WOM Provision Online ,3342  ,0003 *** -,1219 2700
Acquisition Channel --> WOM Provision Offline ,3971  ,0002 *** 4872 ,0006 ***

Indirect Effects

Bca 90% Confidence Intervals

Lower Upper Lower Upper
X-->M-->Y Coeff. cl cl Coeff. cl cl
Via Social Interaction
Acquisition Channel --> Satisfaction ,2270  ,1500 ,3288 ,1311 ,0234 2531
Acquisition Channel --> |dentification 4824 3499 6436 ,2188 ,0309 ,4153
Acquisition Channel --> Active Participation ,5214 3650 ,7079 ,2640 ,0414 5127
Acquisition Channel --> Passive Participation ,3871 ,2670 5345 ,2008 ,0328 ,3821
Acquisition Channel --> Frequency of Use ,6929 ,4888 9240 ,3293 ,0438 ,6263
Acquisition Channel --> WOM Intention ,5020 ,3584 6854 ,2385 ,0383 ,4595
Acquisition Channel --> WOM Provision Online ,0868 ,0349 ,1469 ,0361 ,0069 ,0843
Acquisition Channel --> WOM Provision Offline , 1975 ,1339 ,2783 ,0650 ,0120 ,1377
Via Informtion Consumption
Acquisition Channel --> Satisfaction -,1965 -,2968 -,1248 -0368 -,1144 ,0369
Acquisition Channel --> |dentification -,1616 -,2703 -,0790 -,0281 -1039 ,0190
Acquisition Channel --> Active Participation -,0443 -1281 ,0262 ,0095 -,0070 ,0663
Acquisition Channel --> Passive Participation -,0245 -0968 ,0399 ,0116 -,0052 ,0619
Acquisition Channel --> Frequency of Use -,0934 -2048 -,0023 ,0002 -,0348 ,0379
Acquisition Channel --> WOM Intention -,3937 -5651 -2565 -,0995 -3046 ,0983
Acquisition Channel --> WOM Provision Online -,0459 -,0915 -,0134 -0064 -,0372 ,0025
Acquisition Channel --> WOM Provision Offline -,0839 -1396 -,0410 -,0197 -,0693 ,0146

1) WOM vs. PS (WOM=1; PS=0); n=398
2) Offline vs. Online WOM (Offline WOM=1; Online WOM=0); n=310
*** n<.01; ** p<.05; * p<.10; 5,000 Bootstrap Samples
X = Independent Variable; M = Mediator; Y = Dependent Variable

Cl = Confidence Interval; Bca = Bias Corrected and Accelerated

Covariates: Age, Gender, Tenure

Table 13: Study 1 — Results of Direct and Inditeitects in all Mediation Models

133



134

5.4.4.3 Mediation between Marketing Channel and User Attitudes and Behavior

Satisfaction.As already presented, the direct effect of theKéting Channel on satisfac-
tion is not significant. Nevertheless, significalitect effects in a model without considera-
tion of mediators are not necessary for mediatmodcur (Preacher and Hayes 2008). The
analysis demonstrates that the channel effect diatezl through motivation because the
paths’ from the Marketing Channel on both socidenaction value and information con-
sumption value are significant and the effectshef tvo motivations on satisfaction are also
significant. The analysis yields a mean indireé¢@ffor mediation through social interaction
value of .23 (90% CI: .15; .33) and for mediatioa mformation consumption value of -.20
(90% CI. -.30; -.12), demonstrating the significanaf both mediations. Because WOM-
referred users show higher social interaction value indirect effect through this variable is
positive. On the other hand, the indirect effeebtigh information consumption value is
negative due to the lower value WOM-referred upergeive from information compared to
personal selling acquired users.

Identification. The direct effect of the Marketing Channel on idedtion is still signifi-
cant after including the mediation paths thoughdffect decreased. This is still consistent
with hypothesis H2a. When testing for mediationtte# user’'s motivation, the analysis re-
veals significant effects of the Marketing Chanaelboth motivations; and from both moti-
vations on identification, which also results igrsficant indirect effects. The estimates are
48 (90% CI: .35; .64) for social interaction valued -.16 (90% CI. -.27; -.08) for informa-
tion consumption value. Both bias-corrected anelacated (BCa) Cls do not include 0, thus
showing significant indirect effects, and thus d@iphmediation on identification.

Word-of-Mouth. The Marketing Channel does not significantly inflae the users’
WOM intention directly but has a significant inditeeffect through both motivations (90%
Cl: .36; .69 and -.57; -.26). Therefore, higher W@#kntion is affected by higher percep-
tions of social and informational value of the fdat. The indirect effect is higher through
social interaction, indicating stronger influendetloe Marketing Channel via social interac-
tion value on WOM intention. Further, both onlinedaoffline WOM provision are signifi-
cantly affected by the Marketing Channel, direethd indirectly via user motivations. Again
the effect size is higher (larger point estimat®) the mediation through social interaction
value than through information consumption value.

Participation. There is a significant difference between WOM-reddrusers and users

coming from personal selling in their participatibehavior, in terms of active participation,
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passive participation, and frequency of use. Thectf of the Marketing Channel are still
significant after accounting for motivational medigs. However, the effects decrease
through the inclusion of mediators. Social inte@tivalue is found to partially mediate these
effects. In contrast, information consumption vatlmes not impact participation signifi-
cantly. It does not take a mediator role on actind passive participation. However, the indi-
rect effect of the Marketing Channel on frequentyse is slightly significant. Here, social
interaction value is more important and the analysveals strong direct and indirect effects
of the Marketing Channel on participation.

Overall, social interaction need partially or fullyediates between Marketing Channel
and all dependent variables, thus supporting hysighH1la. Information consumption
needs mediate all effects, except those on actiepassive participation. Therefore, hy-
pothesis H11b is only partly confirmed.

5.4.4.4 Mediation between WOM Channel and User Attitudes ad Behavior

Because of the insignificant relationship betwele@ WOM Channel and information
consumption value, motivation driven by informatioonsumption value does not mediate
any effect of the WOM Channel on the dependentalsées. Therefore, potential mediating
effects only occur via social interaction valuec8ese it was hypothesized that there is no
mediation effect of information consumption valbgpothesis H12b is supported.

Satisfaction.The analysis shows a significant indirect effddihe WOM Channel on sat-
isfaction, mediated by social interaction valualijiact effect of .13). As the direct effect is
not significant in any model, the significant eteof WOM Channel on social interaction
value and from the latter on satisfaction lead tollamediation.

Identification. In the same way as for satisfaction, the analyspgports the mediation of
the WOM Channel through social interaction valuedemtification. Thereby, users’ referred
through offline WOM are associated with higher lsvef social interaction value, which in
turn lead to higher identification with the commiyniThe indirect effect of the WOM Chan-
nel is .22.

Word-of-Mouth. A significant indirect effect of the WOM Channdl.@4 (90% CI. .04,
.46) is also found for the effect on WOM intentidtowever, there is also a direct effect of
the WOM Channel on WOM intention. This effect isvired in the mediation model com-
pared to the direct effects model, but still sigr@ht, which indicates a partial mediation in

this case. The comparison of online- and offlinemed users shows that the WOM Channel
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does not have a significant direct impact on ond®M provision, but on offline WOM
provision. However, social interaction value meesabetween the WOM Channel and both
WOM activities (online and offline), which is indited by the significant indirect effects of
the WOM Channel on WOM provision of .04 (onlinedaf7 (offline).

Participation. The direct effects of the WOM Channel on activetipgoation and fre-
guency of use are not significant in the mediatimodel but there exist significant indirect
effects of .26 and .33 respectively, which indicatediation by social interaction value. The
direct effect of passive participation remains #gigant in the mediation model. Neverthe-
less, its effect is also mediated by social inteoacvalue (indirect effect: .20; 90% CI: .04;
.38). Users who were referred offline show a higbanticipation on the platform, which is
fully mediated for active participation and freqagrof use and partly mediated for passive
participation by their need to socially interacttwother users of the community.

Overall, social interaction value mediates the aftf WOM Channel on all dependent

variables. Therefore, hypothesis H12a is confirmed.

5.4.4.5 Direct Effects of the Interpersonal Acquisition Chainel with Mediation

Despite the significant mediating role of user watiions between acquisition channels
and the dependent variables, some main effecteeohtquisition channels remain signifi-
cant: the effects of the marketing channel on ifieation, active participation, passive par-
ticipation, frequency of use, and online and o&IMVOM provision. This indicates that users
coming to the platform through referrals are manteva on the platform and show more posi-
tive attitudes towards the community. This undedinhe value of WOM as an acquisition
channel. Further, with regards to online and offiWOM, only passive participation, WOM
intention and offline WOM provision are still sigicant when including the mediators in the
model. This suggests that offine WOM referred ssgwve more WOM than online-referred
users and that they are more involved in the plaifby receiving more activity from other
members. The effects on active participation, fesgpy of use and satisfaction are mediated

through their motivation for social interaction.

5.4.4.6 Verification of Mediation Model

In order to test for the robustness of the reduttisn the mediation study, all mediation

analyses are jointly estimated in one model usitmgctiral equation modeling (SEM).
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AMOS is used as the statistical software to exetheeanalysis. Two models are specified:
one for the Marketing Channel as the independemnabia and one for the WOM Channel.
Besides the acquisition channel variable, the nsoelude social interaction value and in-
formation consumption value as the mediating vémband satisfaction, identification, ac-
tive participation, WOM intention, and online anffline WOM provision as the dependent
variables® The model includes all paths for mediation as slthe direct paths of the ac-
quisition channel on the dependent variables, ggested by Preacher and Hayes (2008).
The results of the specified SEM models are simdahe ones from the multiple-mediation
models presented above. The overall goodness-sfdtfiistics for the model, using maximum

likelihood estimation with 5,000 bootstrap samplisssatisfactory for both the Marketing

Channel Model with y*(104)=337.83, p<.05, CMIN/DF=3.248, NFI=.908, CMi34,

TLI=.913, RMSEA=.075, SRMR=.070 and the WOM CharMeldel with x*(104)=230.39,
p<.05, CMIN/DF=2.215, NFI=.915, CFI=.951, TLI=.938MSEA=.063, SRMR=.058"

The significance levels of all effects in the modath the Marketing Channel as the in-
dependent variable are similar to the significalesels from the multiple mediation regres-
sions using the procedure of Preacher and Hay€@8)2Uhe only difference is that the direct
effect of the Marketing Channel on identificatiannot significant in the SEM. When using
the WOM Channel as the independent variable, ghisicance levels are similar. Appendix
5 provides an overview of the results from the S&Mlyses.

The mediated SEM was also tested against a difiectt® SEM as the alternative model,
which included the acquisition channel as the iedelent variable and all other variables as
dependent variables without mediator effects. Aiicantly better fit in all goodness-of-fit

statistics was found for the mediation model. Tihethtistics of the direct effects models are

X?(116)=811.07, p<.05, CMIN/DF=6.992, NFI=.779, CBB3, TLI=.769, RMSEA=.123,

SRMR=.207 for the Marketing Channel anyf(116)=707.84, p<.05, CMIN/DF=6.102,
NFI=.740, CFI=.771, TLI=.732, RMSEA=.128, SRMR=.2f% the WOM Channel. This

underlines the findings that the acquisition chdsméfects are mediated on the dependent

variables.

%3 Only active participation is used to representptagicipation variables in order to keep the maatel the
number of paths at a reasonable size. As the rfestigdiator regression analyses already showedftbets
for the three participation variables are simitherefore the most relevant variable “active pgyéition” is kept
in the model. Please note that the SEM model doesantrol for age, gender and tenure.

> Although not all goodness of fit criteria meet #igct cutoff values of Hu and Bentler (1999), thedels are
still providing a good fit. Particularly, the imgant SRMR indicator is below the suggested cutbf®8 (Hu
and Bentler 1999).
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55 Discussion

Interpersonal communications are often regardeéfi@stive channels to acquire new
customers. In this study, the difference betweersqmal selling and WOM and between
online and offine WOM as channels to acquire neers are explored. In line with past re-
search on WOM recommendations (e.g., Engel, Keigerand Blackwell 1969; Herr,
Kardes, and Kim 1991; Katz and Lazarsfeld 1955;n8tth Skiera, and van den Bulte 2011;
Villanueva, Yoo, and Hanssens 2008), the resuligirto that WOM is more beneficial for
the online community than other marketing channdswever, this study adds insights on
how specific interpersonal channels differ in tloenf of consumer-to-consumer and em-
ployee-to-consumer communications. Although persealing has been attributed to be a
valuable marketing channel (Crosby, Evans, and €&dP90; Reynolds and Beatty 1999), it
is demonstrated that WOM-referred users outperfosers acquired by personal selling on
attitudinal and behavioral variables. Beyond erggWVOM literature, this is the first study to
examine the difference between online and offlin@MWwith regards to post-adoption atti-
tudes and behavior. The results reveal that offilfl@M recommendation shows stronger di-
rect effects on passive participation, WOM intentand offline WOM provision than online
WOM referrals. In addition, WOM-referred users shegnificant and positive indirect ef-
fects on all dependent variables through the miediaif social interaction value. Thus, off-
line WOM is regarded as more advantageous thameMM/OM for attracting engaged and

active users.

Motivations to Use the Online Communitithe results suggest that different acquisition
channels attract different types of users. Spelific social needs to use the platform and
connect to other members are emphasized in WOM conuations because of the social
context of the different communication channelsflidd WOM accentuates the connection
and interaction value of the community even moeantbnline WOM. On the other hand, in-
formation value is found to be of higher relevafareusers who were brought to the commu-
nity through personal selling communications withpboyees. The weak tie between sales
person and prospective user, who hardly know e#oéroleads to focus less on social as-
pects of the platform, but more on the accesslevaat information. Though there is no dif-
ference in information value between online andiredgf\WWOM referred users. The differences
in motivation provide additional arguments for guperiority of WOM communications over

personal selling and of offline WOM over online WOM
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WOM vs. Personal SellingThere are significant direct effects of the MarkgtChannel
on identification, active participation, passivetmapation, frequency of use, WOM inten-
tion, and online and offline WOM provision. All dict effects, except on WOM intention,
remain significant when including the users’ mdtiwas as mediators in the model. This in-
dicates that the social context of WOM referrals ba important influence on the users’
post-adoption attitudes and behavior. The relatignto the WOM sender, and therefore the
bond to the community, is stronger through WOMs Iproposed that the WOM sender helps
to integrate the new user better in the onlineaammmunity compared to the sales repre-
sentative, which causes higher social orientatioiié use and perception of the platform.

In addition, it is evident that the WOM channel drapizes the social interaction value,
while the personal selling channel focuses on ttfermation consumption value of the
online community. Thereby, users attracted throwfdM are motivated more to socially
interact than personal selling acquired users. mbavation for social interaction (partially
or fully) mediates the effect of the Marketing Chahon all attitudinal and behavioral vari-
ables because it is strongly related to these maso Particularly, WOM intention is fully
mediated. Therefore, WOM referred users are molengito give WOM in the future, not
primarily because they attribute high relevanceéh®s WOM channel, but rather because of
the social value they regard to the online comnyumiievertheless, WOM intention is also
mediated by the information consumption value, sstjigg that higher evaluations of the
content on the platform lead to higher WOM intensioFurther, the Marketing Channel does
not have a significant total direct effect on datitson. This can be explained by the different
needs and expectations of users coming from tliereift channels. Both social and informa-
tional value perceptions impact the evaluationhef dnline community which affects the us-
ers’ satisfaction. The positive effect of the Mdnkg Channel on social value and its nega-
tive effect on information value work converselgsulting in similar satisfaction levels. Sat-
isfaction is thereby most likely based on the aoméition and disconfirmation of different
kinds of needs for the two user groups. Focusinghenexpectation-disconfirmation model
(Oliver 1997) related to the fulfillment of diffane needs helps to explain satisfaction levels
of the users better than the characteristics ofctianels themselves. Altogether, different
motives need to be considered in the users’ satisfeand WOM intentions. The value that
the users attribute to social and functional (infation) aspects leads to higher levels in the
outcomes. But more importantly, the channel infeemnthe level of motivation or expected
benefits through the sender of the marketing messHge importance of motivations in dif-

ferent channels is supported by the high numbeadfal mediations that occur.
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Offline vs. Online WOM.The type of WOM Channel shows significant diredeetls on
satisfaction, active participation, passive pagoation, frequency of use, WOM intention, and
offline WOM provision. However, only some direcfexfts remain significant when consid-
ering motivations as mediators. On passive pagtomp, WOM intention and offline WOM
provision, there is still a significant direct effeof the WOM Channel. When coming from
offline WOM referral, users receive more activityedtly from other members on the plat-
form. They are probably integrated well in the commity but their own activity is not di-
rectly affected strong enough to differ comparedmtine-referred users. Further, offline-
referred users provided more offline WOM themselwed are more willing to give WOM in
the future. These users put more relevance to t@&M\ehannel than online WOM receivers
and they tend to specifically use the offline chelmrmore frequently. They might value the
offline channel because of its direct contact teeofpeople. On the other side, online-referred
users might be less convinced by the recommendétiey received via the online WOM
channel so that they are less willing to give WOttemselves.

Social motivation plays an important role withiretd/OM Channel. It mediates the ef-
fects of the channel type on all outcomes. It gppsed that the offline contact to the WOM
sender provides a richer social context for thesmaission of the message and the integration
in the online community that it increases the reees$ social needs. Offline-referred users
show more favorable attitudes and behavior in ttarmunity through social motivation be-
cause they have higher levels of social interacti@mine. Especially active participation, fre-
guency of use and satisfaction are fully mediatethb offline-referred users’ social motives.
Both user groups do not differ in the overall pap@tion but in their motivation to interact,
which in turn drives their participation behaviéurther, there is no direct significant differ-
ence in identification with the group of peopletie community. As social identity theory
posits, the identification of the user is relatedhte group (Tajfel 1974). Consequently, if off-
line- and online-referred users can similarly idigntvith their respective groups of contacts,
the acquisition channel would not have a direac¢afbn group building within the commu-
nity. However, there is an indirect effect, sugoesthat WOM referred users identify more
with the community because of their higher soaiériaction need. If driven by the need to
connect and interact, the users know their contaetier through this interaction or are more
positively attuned to the members of the commubytyheir willingness to get to know peo-
ple. Moreover, active WOM provision via the onlickannel does not differ for the two
WOM acquisition channels. One reason might be bt user groups prefer offine WOM

provision, as offline is the superior channel tospade close friends. The key role of social
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interaction value has been underlined in this eactrhis is because information consump-
tion value has no relevance in differentiating WO®M Channels, as users from the online
and offline WOM channel do not differ in their imfoation consumption motive. Obviously,
both groups are equally interested in the contehtch may stem from the homophily be-

tween sender and receiver with respect to the tfgice online social community.

Key Findings.The acquisition channel plays an important rolevaluating the quality of
the users’ relationship to the community. Usensaated by WOM and personal selling differ
significantly in their post-adoption attitudes abdhavior. When focusing on the WOM
Channel, the results show that offine WOM refertesrs are more satisfied and reveal
higher participation and WOM activity. These eftecan be attributed to two sources. First,
the characteristics of the channel are importarditisrent channels provide distinct social
contexts in which the communication occurs. Thatiehship to the sender of the marketing
message has an impact on how the new user is atéelgin the online community and how
his needs are fulfilled. Second, the charactessiiche users, in terms of their activated mo-
tives through the acquisition channel, are impdrtactors that influence attitudes and behav-
ior. Distinct motives mediate the effects of thamhel type on attitudes and behavior. There-
fore, the channel directly and indirectly affectstades and behavior, which are developed
after registration in the online community. As allg proposed by Bolton, Lemon, and Ver-
hoef (2004), specific benefits, i.e. economic ancia benefits, inherent in different acquisi-
tion channels can lead to a higher value of théoowsr to the firm. Thus, it is important to
understand the channels better in what perceptioggs stimulate in prospective customers
and how customers differ by channel type. Not ahéyeffects of the channels need to be un-
derstood but also the reasons why these effectg.dtds important to differentiate customer
groups by certain characteristics, such as thetivaiton, because different channels attract

different types of users with distinct attitudiraid behavioral attributes.

5.6 Managerial Implications

The findings of this study lead to several managemplications for the use of interper-
sonal communication channels by marketing manageisateractive online services. The
analyses show that WOM-referred users are morefioedor the platform than users com-
ing from personal selling. Further, it is demonstdathat offine WOM recommendations are

superior to online WOM recommendations becausénefileferred users show higher levels
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of post-adoption behavior. Consequently, providdrsiteractive services, be it online social
communities or other Web 2.0 services, should ptenpositive WOM provision. This can
be achieved by targeting the influencing factor$v8@M giving, thereby increasing customer
satisfaction, service quality, commitment, trusid gerceived value (de Matos and Rossi
2008 for the effect of antecedents on WOM activiferefore, community operators must
focus on the value proposition of the platform todgathe users and continuously improve
the service focusing on the users’ needs. To stitaWMVOM provision, referral programs can
be an effective means to increase acquisition gifilizivaluable customers (Schmitt, Skiera,
and van den Bulte 2011).

Nevertheless, it would be false to conclude thdy OM users or, more specifically,
only offline-referred users are important to thatfgrm. Every user contributes to the overall
value of interactive service firms (be it eitherspos or lurkers), thus the service provider
should target different types of users throughedéht channels. This study shows that the
different channels attract differently motivatecerss Therefore, the use of various acquisi-
tion channels can facilitate the building of a mbetanced customer portfolio. Addressing
distinct user segments helps to reduce risk aratility (e.g., Tarasi et al. 2011), for example
in site traffic generation. The service firm canrmaccurately plan site visits when providing
a solid and high quality content offering becausisinusers acquired via personal selling fo-
cus more on informational content. The satisfactbrinformation needs is less volatile to
friends of users switching to other platforms antil btving more stable results through users
who are less loyal, but also of less risk to thefiThus, personal selling is still an adequate
acquisition channel to address information-driveera who are outside the existing social
networks of members and who would otherwise haoélyeached. In order to effectively at-
tract those users to the online service, saleseseptatives should be developed and a
stronger relationship marketing orientation in emse of a partnering role with the users is
demanded. Gremler, Gwinner, and Brown (2001) evand that interpersonal bonds or rela-
tionships between employees and customers carfisagily influence positive WOM provi-
sion. A closer connection of sales people and @asge customers could also increase the
social needs of personal selling acquired useasigin the costs of building and maintaining
more intense relationship must be taken into adcoun

Both WOM channels are important to reach differesers. Therefore, it is proposed to
stimulate online and offline WOM referrals in padehlnd distinctively. As described above,
offine WOM constitutes stronger and closer tiesl &imus facilitates faster integration into

existing online social networks of the WOM sendarconsequence, offine WOM can be
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promoted through offline events which stimulatelioff communication between members
and non-members. On the other hand, online WOMIdHmiused to reach weaker and more
distant ties. As Granovetter (1973) notes, weak dil® important and valuable to spread in-
formation to people outside the current networkcheng further sub-networks and new cus-
tomers. Here, incentives for online recommendatidike offering virtual currency incen-
tives, premium services or small gifts, could hilgpromote this. Many online services al-
ready introduced vouchers or monetary rewardsdoommendations (e.g., Xing, Groupon,
etc.). Ryu and Feick (2007) find that rewards adigularly effective in increasing referrals
to weak ties. They claim that for weak ties, givangeward to the provider of the recommen-
dation is important; for strong ties, providingedst some of the reward to the receiver of the
referral seems to be more effective. Moreover, d@asyse referral tools, like tell-a-friend
functionality, should be used to increase recomragouds to friends and acquaintances with

weak tie connections.

5.7 Limitations and Future Research

This study reveals important insights for researstend practitioners. Nevertheless, it
comes with some limitations. As it is the firstdyuto take a closer look at the effects of
online versus offline WOM channels, specificallyg ttecommendation to join an online so-
cial community, this study should be repeated epsettings to validate the results of the
difference between online and offline referralsth@lgh online communities share many
similarities with other online interactive servicdike communication tools, news websites
with comment functionalities, or product review \8&bs, they provide a specific context, as
social networks might play a stronger role thamtimer settings. It is proposed to study the
effects in other industries, which are not as ddpaton online social network elements.

The results suggest that users coming from cecdaamnels, that is WOM and more spe-
cifically offline WOM, are more beneficial for thanline community as they spread the word
and participate in the community. However, thisdgtdoes not focus on the financial bene-
fits users from different channels generate fordperator. The next step would be to trans-
late the positive attitudes and behavior of usecgimed by different channels into monetary
value. It is therefore suggested to focus on tHiesecial consequences when researching

different interpersonal acquisition channels.
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Further, the study mainly focused on one-to-onerm-to-few communications between
senders (sales representatives or WOM givers) aasgpective customers. As especially
online WOM provides easy-to-use tools on the lrgeto spread the word in a one-to-many
fashion, a comparison between WOM channels wittoader audience could be promising.

In addition, WOM can occur in online and offlineactmels simultaneously. The effect of
overlaps in channels and an integral use of difeceannels would need to be further inves-
tigated in order to gain a better understandinb@n these two channels interrelate.

Finally, this study contributes to a better undemrding on how user acquisition channels
differ. However, the focus here was to investigag direct effects and the mediator role of
user motivations. An investigation of further fastthat impact the effect of the WOM chan-

nel on attitudes and behavior should be consider&dure studies.
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6 User Activation: The Effects of Individual Network

Structure, Attitudes and Motivation on User Participation

The effects of different communication channelat¢guire new users were presented in
the last chapter. After becoming members of thénerdocial community, the users develop
certain perceptions and attitudes towards the camtsnand show different levels of active
participation behavior. In order to make the comityumore attractive for the total user base,
community operators need to stimulate active usetigppation. This chapter is concerned
with the influencing factors of active participatiand how certain user groups differ in the

effects of these factors.

6.1 The Need for Understanding the Drivers of Active Usr

Participation in Online Social Communities

Facebook, the largest social networking site ormiab, states that it connects more than
800 million people and that the average user cse@epieces of content per month (Face-
book 2011). Besides Facebook, there are hundredithef online communities in the market.
Regardless of their business model and orientatidoe it social networking, knowledge-
sharing, problem-solving, leisure and travel, oy ather theme — user participation is the
central aspect for their success. From a markgtargpective, participation and involvement
can significantly impact an individual’'s brand eggment, brand loyalty and recommenda-
tion behavior through brand communities (e.g., Alggmer, Dholakia, and Herrmann 2005;
McAlexander, Schouten, and Koenig 2002; Shang, Ched Liao 2006; Woisetschlaeger,
Hartleb, and Blut 2008) and create value for othembers through user conversations and
product reviews (e.g., Godes and Mayzlin 2004; ktgiimurau et al. 2004; Nambisan and
Baron 2007). For many online communities, membetigpation is not only a means to
strengthen a brand or create content in a costiefti way, it is also an important outcome
itself, as it affects revenues, for instance thfoagvertising (Clemons 2009; Trusov, Boda-
pati, and Bucklin 2010).

As users connect and interact with each other im@rommunities, their behavior is af-
fected by the social structural context and thelatronships to other users in the community

(e.g., Tsai and Ghoshal 1998). For community opesasocial network measures are easy to
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retrieve. Having objective information on how usars influenced by their position in the

network can help them shape the network in a wagdease user participation. Despite the
rise of the network paradigm in marketing (Achrob&otler 1999; Algesheimer and Wan-

genheim 2006) and the managerial importance of peticipation and its relationship to the

social context, a deep understanding of netwonkcgire as a driver of online community

participation is still missing. In particular, tresudy tests the effects of the user’s position in
the network in terms of his degree and betweenoessality, ego-network density, and the

online-offline configuration of the friend netwodk user participation.

Nevertheless, the impact of attitudinal factorsuttanot be underestimated. Scholars
from various disciplines have investigated suctdjgters of online community participation,
including satisfaction, social identity or motivats, only to name a few (e.g., Dholakia,
Bagozzi, and Pearo 2004; Wasko and Faraj 2005; atsuilslaeger, Hartleb, and Blut 2008).
Besides structural components, certain self-redoatitudinal and relational measures are
valuable to explain user behavior when objectivevoek measures are available. This study
is the first to combine attitudinal factors and ftihdividual user's network configuration
within a closed and complete online social commuag predictors of active user participa-
tion.

Besides the need to understand the antecedentepparticipation, their effect can de-
pend strongly on the types of users. Users may Hifiezent motivations to participate in an
online community. Thereby, users with different ivations show distinct attitudes and be-
havior (e.g., Dholakia, Bagozzi, and Pearo 2004nritg Thurau et al. 2004; Matthwick,
Wiertz, and de Ruyter 2008). One central motivatbronline community users is the need
to interconnect with others (e.g., Dholakia et28l09; Wiertz and de Ruyter 2007). Although
individual motivations and needs have been receghas important drivers of attitudes and
behavior in online communities, its moderating rfue the effects of the social context on
user behavior has not been studied so far. Instiidy, it is demonstrated that a differentia-
tion of users’ participation behavior and its potdis by the users’ social motives provides
further insights on how specific user groups neellet treated according to their needs.

In summary, this study contributes to the existiteyature on online community partici-
pation in two ways. First, the effects of structureeasures in combination with the user’s
attitudes on online community participation areestgated. Social capital theory provides
an appropriate frame for understanding the effestioh a combination of structural and atti-
tudinal data on active user participation in onlo@nmunities. Structural measures on the

individual's position in the network are includedhich have not been used before to get in-
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sights on user participation, i.e. centrality, egawork density and the online-offline con-

figuration of the user’s network. Although receasearch utilized actor networks to identify

the influence of users on other members’ behavidhé community (Trusov, Bodapati, and

Bucklin 2010) or to examine diffusion in and of ebaetworks (Goldenberg et al. 2009; Ka-

tona, Zubcsek, and Sarvary 2011), there is a reéétter understand their impact on an in-
dividuals’ online community participation. In order investigate the relevance of additional

attitudinal measures, satisfaction, identificataom reciprocity are also included as predictors
of user participation.

Second, the effects on user participation are coaapfr two user groups, based on their
motivations to participate. For the community pdwyi it is crucial to know how specific
user groups are motivated to participate and hay tan be stimulated to contribute more in
the community. Past research has based group cmmpsionly on user or community char-
acteristics, like length of membership (Matthwidkjiertz, and de Ruyter 2008), brand
knowledge (Algesheimer, Dholakia, and Herrmann 208%e of community (Dholakia,
Bagozzi, and Pearo 2004), or level of participati@idings, Gefen, and Arinze 2006). In this
study, users are differentiated by their level @itiration for social interaction. This distinc-

tion has interesting implications for customer ngeraent.

6.2 Research Overview on Structural Elements as Prediots of Online

Community Participation

The reasons for the interest in online communittigpation are manifold. The users’
participation in online communities can generatlieahrough (1) revenues from advertis-
ing, membership fees or selling transactions, r{@)gased customer loyalty and retention, (3)
innovations derived through ethnographic obsermatibcustomers, or (4) increasing organ-
izational efficiency and effectiveness by sharimpwledge, solving problems of other cus-
tomers or providing self-service to employees, esper other interest groups (e.g., Alge-
sheimer, Dholakia, and Herrmann 2005; Clemons 2@0%hlakia et al. 2009; Hagel and
Armstrong 2006; Nambisan and Baron 2007; see dspter 2.3 for a discussion of an
online community’s value for marketing). Conseqlerd large number of studies emerged
to explain the influencing factors of user partatipn in online communities. In chapter 2.5,
an extensive overview of literature investigatimgime community participation is given. Ba-

sically, from a marketing perspective the mostvahe factors investigated in past research
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can be subsumed as individual attributes, attit@hek perceptions towards the community,
and network structure. First, individual attribytegch as motivations and personal character-
istics have been widely adapted as predictors dicgzation in online communities (e.g.,
Dholakia, Bagozzi, and Pearo 2004; Hennig-Thuraal.e2004). Second, an even larger set
of different attitudinal factors, like identificath with the community, commitment, satisfac-
tion, involvement, or trust have been demonstrateidfluence user intentions and behavior
(e.g., Algesheimer, Dholakia, and Herrmann 2005salta Flavian, and Guinaliu 2008b;
Woisetschlaeger, Hartleb, and Blut 2008). Finadly,the interconnection between users is
more visible in online social networks of todayerth is a growing interest in the impact of
the online network structure on behavior. Thougily @ few studies investigated the effect
of structural components on behavior in the areanthe communities (see Table 14 for a
summary of selected studies). In recent reseactinlars used network measures to explain
adoption behavior (Goldenberg et al. 2009; Katah#csek, and Sarvary 2011), the influ-
ence of a user's log-in behavior on other user®viag (Trusov, Bodapati, and Bucklin
2010), and success of open source software comiesiioih a community level (Toral et al.
2009). With regards to individual participationtire community, most studies focused on the
users’ number of contacts or the overall stren@igooial ties to other users in the community
as the only structural measures (Chen 2007; Chsu, EInd Wang 2006; Nov and Ye 2008;
Wasko and Faraj 2005). However, the explicit coastin of the users’ networks of contacts,
in conjunction with their attitude towards the coomty, has not been studied as predictors
of active user participation. Although communitytpapation can take on different forms, it
is crucial that users provide enough content atetaet with other users to keep the commu-
nity alive. Therefore, the focus of this studyasunderstand how structure and attitudes in-

fluence active user behavior.
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6.3 Theoretical Background and Hypotheses

6.3.1 Social Capital in Online Social Communities

Naturally, in online community research, the quastrises why users contribute to such
communities. Social research suggests that indasdahoose to participate because of the
existence of social capital (Coleman 1990; Putn@9b). In chapter 3.3, the concept of so-
cial capital was introduced, which provides a rafgvtheoretical basis for understanding
online community participation. Thereby, social itaipemphasizes the value of social struc-
tures, where relationships are an important resotoc social action (e.g., Bourdieu 1986;
Burt 1992; Coleman 1988). Capital is generatedamty by the independent users of the
online community, but specifically from the relatghips and interactions with other users
and the platform. In online social communities, Waéue is inherent in the connection of us-
ers, the communication between them and the exehand combination of knowledge, in-
formation and digital goods (such as photos orasjleUsers connect and interact with each
other in various forms, e.g. establishing friengshiexchanging messages, providing support
to others, submitting comments or ratings. Relatigos are established through these inter-
actions and are a source for social capital. Thersticial capital in online communities is
relevant for the individual users as well as thibecive community, because social capital
can be obtained and used by individuals for therspnal benefit, and be a public good that
is collectively owned and serves the community agale (Bourdieu 1986; Burt 1992; Burt
1997; Coleman 1988). Social capital in online comities can consequently lead to func-
tional and social benefits, like the exchange dbrimation, knowledge and social support
(e.g., Adler and Kwon 2002; Matthwick, Wiertz, athel Ruyter 2008).

As outlined in chapter 3.3, Nahapiet and Ghosh@®8) propose three dimensions of so-
cial capital: structural, relational and cognitiv@pital. Thestructural dimensionconstitutes
the properties of the focal user’s position in tieéwork, which influences the user’s behavior
(Tsai and Ghoshal 1998; Wasko and Faraj 2005hignstudy, it is measured by a user’s cen-
trality, ego-network density, and his network cgafiation in terms of online and offline con-
tacts. Theelational dimensionfocuses on the particular relations users havetlaadinflu-
ences behavior. Among its main elements are ideatiibn, obligations and expectation (Na-
hapiet and Ghoshal 1998). For example, in onlira@ommunities two users may occupy
equivalent positions in the network having the sammber of friends, but if they differ in

their personal and emotional attachment to othersuge.g., in terms of identifying oneself



151

with the contacts), their actions are also likeldiffer. The relational dimension is described
by identification, reciprocity and satisfactionthis study. Thecognitive dimensiorrefers to
those resources providing shared representatiotepretations, and systems of meaning
within groups (Nahapiet and Ghoshal 1998). It aeasists of individual expertise, which
facilitates the understanding of a common languagd,experience with applying the exper-
tise (Wasko and Faraj 2005). As many communitiesbailt around specific topics, it is ex-
pected that at least part of the cognitive dimemssorelated to the tenure in the community,
because established users get to know the shargdage used in the community and have
knowledge about the community topics. Hence, thidysuses tenure as an indicator for the
cognitive dimension.

Online social communities are based on user commmsctind interactions. The users’
voluntary communication, interaction and establishtrof ties with other users foster social
capital (e.g., Matthwick, Wiertz, and de Ruyter 8D050cial capital is therefore inherent in
such online social networks and in many casesleigibform of explicit friend lists and pub-
lic discussions. Social capital theorists argué somial capital is the precursor of combina-
tion and exchange of resources (Nahapiet and Ght888), where active user participation
describes this combination and exchange, includisgys’ interaction and information ex-
change. Therefore, it is an explicit consequencthefrelationships between users and with
the community as a whole. In this study, the fosusn the individual user level in order to
better understand the impact of social capital ger yparticipation. In the following section,
hypotheses are developed relating the single dilmesdo user participation in the online

community as an outcome of social capital.

6.3.2 Impact of the Social Capital Dimensions on User Barpation

Centrality. Social capital theory posits that structural capg driven by the user’s consti-
tution of and the position in the network (Tsai &ldoshal 1998). Thereby, network ties pro-
vide access to resources and thus increase thatijpbtef valuable information flows (Na-
hapiet and Ghoshal 1998). An adequate concept sune the structural dimension is cen-

trality. Although, several approaches to measurdrakty exist, degree and betweenness
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centrality are simple to calculate and the most momy used centrality measures (e.g.,
Freeman 1978/79; Wasserman and Faust 1994).

The concept oflegree centralityor degree) accounts for the number of ties, wiaiah
adjacent and thus directly related to an actordifen 1978/79). Therefore, social capital in
form of network ties provides potentially bettecess to information, which is an important
basis for action (Coleman 1988; Nahapiet and GHd®3@8). Actors with a large number of
sources are central to the network, because theynmae easily obtain information, have
more sources of information at their disposal, ead reach information quicker (de Nooy,
Mrvar, and Batagelj 2005; Borgatti 2005). In anim@lcommunity, a higher number of con-
tacts may lead to more interaction, as many diffeseurces of information are available for
the focal user. On the other side, actors with d@gree are likely to be seen as peripheral by
others. They are in a more isolated position wassldirect interaction with most other actors
of the network and few contact points to activetipgration and communication (Freeman
1978/79).

Ahuja, Galletta, and Carley (2003) and Sparrowal.ef2001) found that centrality was a
strong predictor of individual performance in workigps. Wasko and Faraj (2005) showed
that degree centrality is an important measurepbaitively impacts knowledge contribution
in online communities. Further, Stephen and To(d@d.0) demonstrated that in online seller
networks where shops are linked with each othespstwith higher indegree had higher
commission revenues. This leads to the followingdtlgesis:

H1: The user’s degree centrality exhibits a positffect on active user participation.

In addition,betweenness centraliyor betweenness) takes into account the posifi@tc-o
tors in the entire network, and not only to theredt neighbors. It describes the central posi-
tion of the user in terms of the actor’s locationtbe shortest paths (geodesics) between all
other pairs of actors in the network (de Nooy, Mnend Batagelj 2005; Wasserman and
Faust 1994). The structural hole argument posasdhtors who take on brokerage roles be-
tween other actors, thus bridging between sub-grdugve an advantageous position as they
can facilitate communication and have access tereadundant information (e.g., Burt 2000).

Granovetter’'s (1973) “strength of weak ties” apioalso underlines the importance of

5 A more detailed description of network measurasamoverview of the mathematical definitions aftcal-
ity can be found in chapter 3.2. This study focuseslegree and betweenness centrality, becausnelss cen-
trality cannot be calculated in weakly connectetivoeks, which is the case for the empirical reskeangject.
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bridging between different circles of friends. Thiscess to new information can stimulate
the communication activity of the broker. Centrelloss might have control over the commu-
nication flows between other actors, but more ngttey are important intermediaries in the
communication network, i.e. they are involved ia thteraction of the other actors (de Nooy,
Mrvar, and Batagelj 2005; Freeman 1978/79). Asrimfition more likely passes the central
user, forwarding messages, commenting this infdonabr getting involved in discussions

should occur more often.

Empirical research has found positive relationshigsveen an individual’'s betweenness
centrality and individual performance (Brass 19&tpss and Cummings 2004; Mehra,
Kilduff, and Brass 2001). Further, Tsai and Ghogi&98) used betweenness centrality to
assess the impact of structural capital in businagselationships on resource exchange and
combination and found a significant positive effddtis leads to the following hypotheses:

H2: The user’'s betweenness centrality exhibitegitive effect on active user

participation.

Ego-network densityNot only the focal actor’s ties to other actoraigtitute an impor-
tant facet of social capital, but also the confegion of the overall network, where network
density is one of the properties of network strretiNahapiet and Ghoshal 1998). The den-
sity of the ego’s network describes the numberetdtionships between direct neighbors of
the focal actor in relation to the maximum numbgretations between these neighbors (de
Nooy, Mrvar, and Batagelj 2005). From a social taperspective, densely connected indi-
viduals lead to network closure, that on the onedhacreases trust between the related ac-
tors, but at the same time creates redundant fathgformation flow (Burt 1992; Burt 2000;
Nahapiet and Ghoshal 1998). Network closure car laamegative effect on performance: a
dense ego-network increases the probability omi&nbers to know the same information
and decreases the opportunity to broker througéctdoonnections among the members (Burt
2000). If the friends’ network is strongly conneattéhe users’ information does not have to
travel through the focal user, but could also bgphss user. Thus, individuals have less in-
formation and control advantages in closed ego-owdsv Granovetter (1973) supports the
view that a dense network may result into redund#otmation, because of the absence of
relationships to more distant social circles. Imtcast, if a user’'s network is weakly con-
nected the focal user can take on the connecterlretween friends and therefore centralize

activity within the friend network (with the extrenform of a star network).
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In a comparison of different studies on social md@nd performance, Burt (2000) con-
cludes that network density has a significantlyateg association with performance in all

study populations. This leads to the following hy@sis:
H3: Ego-network density exhibits a negative eftecactive user participation.

Share of real-world friends.Especially when locally organized around geograpkt
gions and cities, online social communities empesne integration of online and offline
friend networks. Wellman and Hampton (1999) foumat bnline and offline relationships are
intertwining. Because structural capital also ieffline ties, those connections make the
resources for information exchange available indfiitne world, meaning that there might
be less need to use the online channel for interectin this case, the Internet may compete
for time with offline interaction. As online intes&ons are inherently inferior to face-to-face
interactions, the relationship of offline and oelirs negative (Wellman et al 2001; Cum-
mings, Butler, and Kraut 2002). Having many onliies also accessible in the offline world
leads to the use of offline ties for better acaafsthe information. In addition, online com-
munities are an appropriate mean to maintain irgdrate-strength and weaker ties with peo-
ple one does not meet regularly offline (Wellmaraletl996). These online contacts poten-
tially provide diverse and non-redundant informati@ranovetter 1973), which leads to a
higher social capital in the online community dedrom those online contacts. Thus, it is

hypothesized:

H4: A higher share of real-world friends in the o community has a negative effect on

active user participation.

Identification. Recent research suggests that the relational dioewf social capital in-
fluences the access to parties for exchange, dsawe¢he motivation to engage in content
creation through exchange and combination (Naha@piétGhoshal 1998). As one element of
the relational dimension, identification with a gpocan be considered as the sum of the rela-
tionships a user has with other users of the omoremunity. In this context, the users’ iden-
tification with the group means that they come imwthemselves as a member of the com-
munity, as ‘belonging’ to it (Dholakia, Bagozzi,daRearo 2004). Social idenfif{is closely

%% For a theoretical introduction to the conceptatfial identity see also chapter 3.4.1.
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related to consciousness of kind, which is an ingmrelement in communities. It is defined
as a feeling of intrinsic connection between memlsard a collective sense of difference
from others not in the community (Muniz and O’Gui2001). The user’s identification ex-

presses a kind of tie strength to all contactshefuser. The stronger the identification with
other users in the ego’s network, the higher trength of the relationship.

From a social capital perspective, stronger tiesrsgrmembers enhance the concern for
collective outcomes, and thus increase the oppitiganto exchange information and to
communicate (Nahapiet and Ghoshal 1998). Therefdemtification with the community
can act as a resource influencing the motivatioimtieract with other users and participating
in the community. Different studies demonstrateal glgnificant positive effect of identifica-
tion and social identity on the individual’s paipiation in the community (e.g., Algesheimer,
Dholakia, and Hermann 2005; Dholakia, Bagozzi, Bedro 2004; Woisetschlaeger, Hartleb,
and Blut 2008). This leads to the following hypaise

H5: Identification exhibits a positive effect ortige user participation.

Reciprocity. Another important element of the relational dimensof social capital are
obligations and expectations. Obligations are etgtiens developed within particular per-
sonal relationships (Coleman 1988). They repreaahity to undertake some activity in the
future. This sense of moral responsibility is wheatduces collective action and contributes
to group cohesion (Muniz and O’Guinn 2001). In thimtext, a norm of reciprocity can de-
velop in online communities between its users. @Galye this norm of reciprocity demands
that people should help those who have helped tbergive back when they received
(Gouldner 1960). It “usually refers to a set ofiallg accepted rules regarding a transaction
in which a party extending a resource to anothetypabligates the latter to return the fa-
vour” (Wu et al. 2006). Individuals who are treatadorably by others feel a sense of obliga-
tion to repay benefits received through reactiometurn of the favor (Gouldner 1960). On
the basis of reciprocity, there are two reasongHerusers to actively participate: first, users
expect the other community members to react omr fhasts or ratings; second, the users
might feel obliged to answer or react when othersisontact them. Therefore, high degrees
of reciprocity describe an attitude of give andetakthin a community. Usually, feelings of
obligation emerge on the basis of their past belragi@ouldner 1960). This means, if users
know that others reciprocate they would establisdiranger personal norm of reciprocity.

Ridings, Gefen, and Arinze (2002) emphasize theomapce of trust and reciprocity for the
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survival of an online community, as they impact ihintion to give information. In online
communities, a norm of reciprocity motivates ugershare information and knowledge with
other members, because of their moral obligatiomyCHsu, and Wang 2006; Wasko and
Faraj 2005). This leads to the following hypothesis

H6: Reciprocity exhibits a positive effect on agtixser participation.

Overall satisfaction with the communityin addition to obligations, expectations shape
the users’ overall satisfaction with the commun#8sgtisfaction is regularly based on the ex-
pectancy disconfirmation theory and is most oftezagured as the difference between cus-
tomer expectations and the actual service or ptogedormance (Oliver 1997). When the
product or service exceeds the customers’ expentathey will be satisfied. Within the rela-
tional dimension, such expectations are likelyntituence the users’ motivation to contribute
to the community and interact with others (Nahapred Ghoshal 1998). It is not only the ex-
pectation toward single users but also the expeotdabwards the community as a whole
which determines the users’ behavior. Therebysfeafiion is an overall evaluation of per-
formance (i.e. if expectations are fulfilled) amdsibased on prior experiences (Anderson and
Fornell 1994). When users do not expect that thedds will be satisfied in the future, based
on past experiences and disconfirmed expectattbeyg,are less likely to participate in com-
munity activities. Satisfaction has been demonrstrad influence participation and continu-
ance intentions in online communities (e.g., Che@72 de Valck et al. 2007; Woisetschlae-
ger, Hartleb, and Blut 2008). Therefore, it is hymsized:

H7: Overall user satisfaction exhibits a positifeeet on active user participation.

Tenure. The cognitive dimension of social capital shathpde a basis for common un-
derstanding and interpretation of the communicaéiod interaction that occurs in the online
social community (Nahapiet and Ghoshal 1998). Shkmeguage and narratives can help to
make sense of the information and content on tadgom. To gain a common language,
Wasko and Faraj (2005) propose that the indivigxglertise and experience with the matter
of subject is important. Because online communisies often centered around specific top-
ics, users can gain experience and expertise thrtegusage of the online community itself.
Cognitive capital develops through the interactioth other users over time, so that the user

learns the skills, knowledge and norms of practidasko and Faraj 2005). Thus, tenure is
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viewed an indicator of the expertise users gairuaba online community topic. However, it
does not directly measure the cognitive capitaliciviinheres in the community members.
Consequently, this study uses tenure as a varialdentrol for the effects of longer duration
in the online community, as has been done in pgadies. Therefore, no explicit hypothesis is
derived in this respect, however, the results éoute are also reported and discussed in the

empirical study section.

6.3.3 Moderating Effects of Social Motivation

From a social capital perspective, individual htites, such as motivations and abilities,
are important to explain why some individuals buifgl more social capital and engage more
willingly in collective action than others (Adlemd Kwon 2002; Nahapiet and Ghoshal
1998). Past studies investigated the motives afiiddals to use online social communities,
with the value of the single motives depending anppse or type of the community (e.g.,
Dholakia, Bagozzi, and Pearo 2004; Park, Kee, aslénzuela 2009; Sangwan 2005). From
a managerial perspective, it is important to cagsttiat different user types or user motiva-
tions emphasize specific influencing factors ofdgbr more than others. In online commu-
nities, the need to interconnect with other ussra central motivational factor. Recent re-
search has already demonstrated this importange ([@holakia et al. 2009; Wiertz and de
Ruyter 2007; Mathwick, Wiertz, and de Ruyter 200B¥pecially in online communities
which offer editorial content in addition to useangrated content, users can be differentiated
by high and low levels of motivation to connectlwidther users, because value is not only
inherent in user interaction, but also in firm-oéfd content. Basically, it is expected that us-
ers with higher motivations to interconnect witthe&t community members (called ‘Net-
workers’) have a higher interest in the social mmeking functions of the website and there-
fore engage more in the community than those wathh $ocial motivations (called ‘Non-
Networkers’). When being motivated by social ned¢dsse users are more likely to be aware
of their position within the network and their roles-a-vis other members. Wiertz and de
Ruyter (2007) found that online interaction propgnsa personal trait to interact in the
online community, has a significant effect on knedge contribution. Hennig-Thurau et al.
(2004) showed that based on user motivations difteuser segments emerge which also dif-
fer in their participation behavior on online omniplatforms, suggesting that more socially
driven users participate more. Therefore, Netwarlae expected to be more active in the

community and should be more influenced in themhar of contributions by the structural
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and relational factors. On the other hand, a loxellef social need implies that the influence
of the predictors on the decision to contributeatitshould be more important for Non-

Networkers.

H8: Users motivated by social needs show highezl$eof centrality, satisfaction, identi-
fication, and reciprocity and a lower level of egetwork density than users not mo-

tivated by social needs.

H9: The impact of structural and relational capitah user participation is
a) more important for Networkers with respecttte humber of contributions, and
b) more important for Non-Networkers with respecthe likelihood of making any

contributions.

6.4 Empirical Study — Methodology

Figure 14 summarizes the hypotheses developeceipritvious section. To test the hy-
potheses, data from the online social communitysisd, which is introduced in chapter 4.
The analyses are conducted in three steps: Andlyadkresses the effects of network meas-
ures on user participation for the entire sampleusfent users. Analysis 2 complements the
structural predictors by including attitudinal meges from the survey. Analysis 3 tests for
the moderating effect of social motivation to use tommunity by splitting the sample in
two groups and comparing those groups. For thealyses, two data sources are used: self-

reported survey data and objective data.
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Figure 14: Study 2 — Influence Model on Active URarticipation

6.4.1 Data and Sample Characteristics

A two-step procedure is used to gather the neceslsdia. Two successive time intervals,
T1 and T2, are defined, which represent a periotivof months each. In T1, the network
measures are collected for all users who loggeat-ieast once in T2 and registered before
T2, thus ensuring that all subjects were membeth@éncommunity in T1 or before. On this
way, the structural dimension of each user is et¢rh describing the individual position at
the end of T1. An overall of 30,666 nodes witheatst one contact in T2 were present in this
network of current users, representing 1,174,25hections between those us¥rén T2,
participation data of all users, who were activelthand already registered in T1, are col-
lected. Participation was tracked for the entire twonths of T2. The temporal separation of

" The focus is on users with at least one activéambnbecause users without contacts a) do nahesglat-
form for social networking, where the objectivedsnvestigate the impact of social structures seruehavior,
b) do not have the opportunity to use all of theriactive functionality (e.g. sending messagesi¢émds) to
participate, and c) consistently have zero or mgsalues in their network measures, and thus dshmwv any
variation in those measures. The network of aaisers (logged-in in T2) is used, because userdefhthe
community for good do not provide any value tofilgal user anymore.
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network structure and behavior permits to testthar hypothesized effects in the intended
direction. In addition, self-reported data was ol#d from the online survey described in
chapter 4. The data set includes 486 usable suegppnses. Again, the survey sample com-
prises users who registered before T2, logged-if2inand have at least one active contact in
T2, to have a common basis for both the surveytaadetwork sample®

In the same way as in Study 1 (chapter 5), noneresp bias is tested by two approaches.
First, the responses of early and late respon@eatsompared by using time-trend extrapola-
tion (Armstrong and Overton 1977). All variablesrevéested by the use of t-tests, comparing
the mean values of early and late respondents.igidfisant differences appeared at p<.05
level (see Appendix 6). These results suggestribiatresponse bias is not likely to be a ma-
jor concern for the study. Second, it is testeddifferences between respondents and non-
respondents regarding their general characteristoserning the platform (i.e. age, gender,
tenure, degree and betweenness centrality, egmrietiensity, active participation). A com-
parison is conducted between the 486 users ofestteivho submitted their completed ques-
tionnaires, and the remaining 30,180 active usetsa overall network. T-tests of degree and
betweenness centrality, ego-network density, amdigredid not show significant differences.
However, t-tests of age and tenure showed significéferences. Nevertheless, the mean
age of the respondents is only 1.2 years highertla@anean tenure 3.2 months lower than
that of the non-respondents. In order to accounpdssible effects of age, gender and tenure,
they are included as control variables in the asedy Last, active participation was signifi-
cantly higher for the users in the survey samplawvéler, Table 15 shows that there is still a
high share of users with low participation leveisthe online social community, so that not
only heavy users are in the survey sample. In aaleheck for the validity of the results re-
garding the impact of the structural dimension otiva participation, the analysis for the en-
tire network sample is pursued in Analysis 1 o$ ttudy. An overview of the sample charac-

teristics can be gained from Table 16.

8 Because of the consideration of two timeframesthadexplicit network of active contacts, usershwitissing
values in the objective measures are not includeka relevant survey sample for this study.
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Network Sample

Survey Sample

Network Sample

Survey Sample

# Activities #Users % Users #Users % Users  # Activities #Users % Users #Users % Users
0 17,973 58.61 175 36.01 25-29 288 0.94 11 2.26
1 2,771 9.04 31 6.38 30-39 465 1.52 17 35
2 1,430 4.66 30 6.17 40-59 598 1.95 22 4.53
3 857 2.79 12 2.47 60-79 382 1.25 17 35
4 653 2.13 12 2.47 80-99 266 0.87 8 1.65
5 484 1.58 11 2.26 100-199 621 2.03 14 2.88
6 436 1.42 13 2.67 200-299 265 0.86 13 2.67
7 335 1.09 10 2.06 300-499 222 0.72 6 1.23
8 294 0.96 11 2.26 500-999 176 0.57 6 1.23
9 235 0.77 5 1.03 1000-1999 63 0.21 4 0.82
10-14 871 2.84 25 5.14 2000-3999 19 0.06 3 0.62
15-19 539 1.76 9 1.85 4000-9999 6 0.02 2 0.41
20-24 417 1.36 19 3.91 ALL 30,666 100% 486 100%
Table 15: Study 2 — Distribution of Active User fapation Levels
Survey Sample? Network Sample?
Network and Behavioral Data # of Mean Sta'?d"?“d Mean Sta'?d"?“d
Measures Deviation Deviation
Active Participation® 1 6.50 7.09 3.21 5.60
Degree® 1 3.07 1.73 3.18 1.68
Betweenness? 1 11.69 5.91 11.58 5.57
Ego-Network Density 1 0.22 0.23 0.21 0.21
Share of Real-World Friends 1 0.41 0.33 - -
Tenure of Membership (years) 1 1.89 1.28 2.16 1.26
Age (years) 1 22.48 7.97 21.26 5.70
Gender (0= male, 1=female) 1 0.54 0.50 0.52 0.50
Latent Constructs # of Standard Cronbach’s Lowest Composite Avgrage
15 Mean P Item-to-total i Variance
from Survey Samplel-> Measures Deviation Alpha . Reliability
correlation Extracted
Satisfaction 3 4.65 1.18 0.81 0.64 0.84 0.65
Identification 3 3.36 1.59 0.90 0.78 0.90 0.75
Reciprocity 2 3.08 1.62 0.89 0.81 0.90 0.82
Social Interaction Value 3 3.62 1.87 0.90 0.74 0.91 0.76

1) n=486;

2) n=30,666; except for Age, where n=30,431 due to missing values

3) categorized measure
4) log-transformed measure

5) CFA: executed only for multidimensional measures using ADF (asymptotically distribution-free) estimation

Table 16: Study 2 — Descriptive Statistics and Meament Model Evaluation
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6.4.2 Measurement of Constructs

The empirical studies use either objective data anixed approach, combining self-
reported measures with objective data from the comiy platform, which is the preferred
method to address common-method bias (e.g., Poffisetkal. 2003). The factors from the
relational dimension, i.e. identification, recipityc and satisfaction, are collected through the
online survey. They are measured using multi-iteims existing scales, adapted to the con-
text of this study. The survey development anddperationalization of the scales are ex-
plained in more detail in chapter 4. The shareffthe friends is also retrieved from the sur-
vey. It is measured by asking the users how maagds they have in the community in to-
tal, followed by a question on how many of thoserfds they regularly meet in the real
world. The ratio of offline to total friends comgpeis the share of real-world friends.

All network analytical measures are calculated gighee social networks software Pajek
(de Nooy, Mrvar, and Batagelj 2005). Therefore, tiregwork of users in T1, who also
logged-in in T2, is used. Based on this activenfitimetwork, which is an undirected network
of explicit friendships between users, degree, betwmess centrality and ego-network density
are computed. For the formula and description efrtétwork measures, see chapter 3.2.2.

Because of the nature of the centrality measurdarge online social communities, the
variance of these measures is rather high. Theretbe variance and the effect of extreme
outliers should be reduced. To gain more stableltseshe variables are transformed in the
following way: degree was directly log-transform@d(x+1)); betweenness centrality was
first multiplied with the inverse ratio of the lostenon-zero value to determine the lowest
betweenness value at value 1 and then also logftnamed.

For the dependent variable, an index is constryeteich describes the active participa-
tion on the platform. Active participation includesit-going activity, i.e. communication
with other users, comments and ratifyhe measure uses aggregated activity data from an
overall of two month in T2. Active participation @sclassical count data variable, but with a
very “long tail”. In order to control for outliersnd to stabilize the estimates, the observations
are categorized in different intervals. This applogs common for discrete count variables
and it helps to reduce the variability, without gwoing large bias in the parameter estimates

(Greene 2002). All values less than 10 stay theesdracause the majority of users show

59 Active participation comprises messages sent terathers, guestbook entries written, virtual gifiat to
other users, comments on articles, and submittétysaon photos, groups, and other users’ profiles.
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fewer contributions (>60 % in the survey sample aB0 % in the network sampf&) All

other values are grouped in intervals. In the p@diion index, single activities are equally
weighted. However, higher weighting of direct usgeraction or public content (guestbook
entries, comments), leads to similar results inahalysis (see Appendix 7). In Table 15 the
observed values for the count variable “numberatifva contributions” are presented. Table

17 includes the correlations between the singlesomes.

Measures 1 2 3 4 5 6 7 8 9 10 11 12

1 Active Participation® A4+ 30 -05% - = = = - -06* -.06* -.04*

2 Degree? 56 83 % -04= - - - - - Alw 214 - 03

3 Betweenness? A3 T =11 = - - - - - .36 = -.08* .01

4 Ego-Network Density -13*= -05 -.09* - - - - - -.09% -03* -05*

5 Share Real Friends =31 2227 - 13 % 26 ** - - - - - - -

6 Identification 28 13+ .06 .09 .26 ** - - - - - -

7 Reciprocity 31+ 12+ 10* -03 -.04 AT - - - - -

8 Overall Satisfaction 26+ .02 -01 .00 -.03 36 % 41+ - - - -

9 Social Interaction Value .51 * 41* 32* -08 -12* 50* 47* 32 - - -
10 Tenure .05 A7 37 - 15+ -11* -06 -17* -18* .04 A5 % - 06 **
11 Age 21 -.02 .01 -09* -19* .05 .13+ .06 A4+ .03 -.20 **
12 Gender -15+ -03 -01 -.05 .05 -15% -17% -11* -13* .23 -26*

* p<.05; ** p<.01

correlations of Survey Sample on white background; n=486

correlations of Network Sample on grey background; self-reported measures not available for Network Sample; n=30,431
1) categorized measure; 2) log-transformed measures

Table 17: Study 2 — Correlations of Variables

6.4.3 Measurement Model Evaluation of Self-Reported Latévieasures

Standard validity and reliability tests for the \sey measures are conducted in the same
manner as in Study 1 (chapter 5.3.3). All rele\aatistics are provided in Table 16. The re-
liability of the scales was assessed using Croribatpha, with a minimum value of 0.7 be-
ing satisfactory (Nunnally 1978). To evaluate tmedimensionality of the proposed scales,
exploratory factor analyses for each constructcameducted” To test for internal consis-
tency and discriminant validity, confirmatory ansdg are accomplished. Asymptotically dis-

tribution-free (ADF) is chosen as an estimationhodi since it shows more security in sam-

% Intervals for values higher than 9 are used, keEawst of these values comprise less than 1%sekda the
two samples. Thus, most information resides inldleer values. Additional analyses of the empiricaldels
are pursued, which use different transformationthefdependent variable to verify the results fgdew in this
study).

%1 Only one factor was extracted from each scaléefiai used: only factors extracted with eigenvahigier
than 1, factor loadings higher than 0.5, and aifit@int total explained variance).
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ples that might not present multivariate norma{Byrne 2010). The tests are executed for
the multi-item constructs used in this study.

Two measures to evaluate internal consistency idtcocts are used — composite reliabil-
ity (CR) and average variance extracted (AVE). Tbmposite reliability is a measure analo-
gous to the Cronbaahcoefficient (Fornell and Larcker 1981) with a sagted cut-off value
of 0.6 (Bagozzi and Yi 1988). The average variamdeacted estimates the amount of vari-
ance captured by a construct’'s measure relativartdom measurement error (Fornell and
Larcker 1981). Estimates of AVE above 0.5 are atereid supportive of internal consistency
(Bagozzi and Yi 1988). The results, which are shawmable 16, are satisfactory, and there-
fore indicative of good internal consistency.

Discriminant validity verifies that a constructsignificantly distinct from other con-
structs that are not theoretically related to iCBA-model is used, which includes four latent
constructs (satisfaction, identification, reciptg@and social interaction value). Results show

that the model fit the data well. The goodnessHadtétistics for the model are satisfactory
(Hu and Bentler 1999)x*(38)=64.56, p<.05, CMIN/DF=1.699, NFI=.938, CFI=397

TLI=.961, RMSEA=.038, SRMR=.047. Further, the ctatiens among the latent constructs
are not higher than 0.8 points (Bagozzi 1994) dditgon, a test of discriminant validity was
performed, as suggested by Fornell and Larckerl(f1Tdscriminant validity is achieved if
the AVE by the underlying construct is larger thla shared variance (i.e. squared correla-
tions) with other latent constructs. This conditissatisfied for all of the cases. In sum, in-
ternal consistency and discriminant validity args$actory and permitted to include these

constructs in the hypotheses tests.

6.4.4 Specification of Count Data Models

The activity of the online social community usees de treated as count data, i.e. each
time the user actively participates it is countsdoae more activity carried out. In fact, in
user databases these activities are literally @mliaaich time the users interact with the plat-
form. For count data, standard linear regressiodatsoare often inefficient and would lead
to inconsistent standard errors, producing biasedigtions for the dependent variable (Chou
and Steenhard 2009; King 1989). Count data modelsised when the dependent variable
takes on non-negative integer values. The initiatleh for count data is the Poisson regres-
sion model (e.g., Cameron and Trivedi 1998; Winkaim 2003). The Poisson distribution
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assumes equi-dispersion, i.e. the equality of threditional variance and the conditional
mean (Cameron and Trivedi 1998; Chou and Steeri208). However, the assumption of
equi-dispersion implied by the Poisson distributi®wery restrictive. In many cases the con-
ditional variance exceeds the conditional mean,clwvhis also called over-dispersion.
Thereby, “over-dispersion in a Poisson regressidihlead to deflated standard errors of pa-
rameter estimates and therefore inflated t-stas’s{iLiu and Cela 2008, p. 3). To account for
over-dispersion, the standard parametric modéiasnegative binomial (NB) (Cameron and
Trivedi 1998; Hilbe 2007). In NB models, the Poissanodel is extended by an individual,
unobserved effect, which reflects either speciftcaterror or heterogeneity of the data
(Greene 20025

Another problem of estimating count data modelsyjadeely is the presence of many ze-
ros in the event variable. In online communities, &l users actively participate and contrib-
ute content. Lurkers just browse the platform aodsame content instead of contributing.
This “excess of zero activity” is problematic fostienating count data models adequately.
Zero-inflated models help to model excess zerostarzbtter understand the impact on fre-
guency data (e.g., Lambert 1992) — such as onlkimenwunity participation — thereby ad-
dressing two questions: a) whether or not contidimstare observed (binary yes/no decision),
and b) how many contributions are made conditiomaihe fact that at least one contribution
is made. Zero-inflated models are two-stage modelshich the binary and the count model
are estimated jointly, therefore it can also besadered a mixture of two statistical processes,
one always generating zero counts and the othegrgiémg both zero and nonzero counts
(Wangenheim and Bayon 2007). Zero-inflated modedsiane that the zero counts come from
two sources. In this study, this means that thexaisers who would never choose to actively
participate and others that would, but did notvety participate during the sample period. A
logit model is used to determine the probabilitymiboutcome to be zero; the standard Pois-
son or negative binomial count data model theniptethe number of activities made by the
user (the not-always-zero group) (Liu and Cela 2008e advantage is that the possibility is
taken into account that specific variables impéttee one of the two stages but not the other
(for example, see Lambert 1992; Wangenheim and Bag87). An example in the market-

ing literature is provided by von Wangenheim angd@a(2007), who show that the predic-

2 The error term is mainly gamma-distributed andséow the equi-dispersion assumption of mean arid var
ance. The most common implementation of the negdtinomial is the NB2 model. For more informatiee s
for example Cameron and Trivedi (1998).
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tors of WOM referrals affect both, the likelihoodl giving WOM referrals, and the condi-

tional number of WOM referrals, but could also varyheir impact on each stage.

Model SelectionAs already noticed, there are different models lalske to investigate
the effect on count data variables. In order teceihe model, that best fits the data of this
study, four common count data models are compadtbisson regression model (PRM), a
negative binomial regression model (NBRM), a zertaied Poisson model (ZIP) and a
zero-inflated negative binomial model (ZINB). BesauPoison and negative binomial mod-
els are popular models to analyze count data @agmeron and Trivedi 1998; Greene 2002;
Hilbe 2007; Winkelmann 2003), these two models Hradr extensions to approach excess
zeros are considered as adequate models in at@st The model selection is then based on
a) a likelihood-ratio test to compare the fit obtinested) models, b) the test statistics of al-
pha (which is a built-in test in NB models) indicat over-dispersion, and c) the Vuong
(1989) test to compare non-nested models.

a) A likelihood-ratio test (LR-test) (e.g., Cameramd Trivedi 1998; Liu and Cela 2008)
is used to compare the fit of two (nested) modmtg, of which (the null model, e.g. PRM) is
a special case of the other (the alternative maglgl, NBRM). The LR-tests show that NB
models are preferred over Poisson models. The kERetemparing the regular Poisson and
negative binomial models {2 (LLprm — LLnsrv)=-2[-1864 — (-1282)]=1164 which is highly
significant (p<.05) and indicates that the NBRMpiferred over the PRM. For the zero-
inflated models, the LR-test&(LLzip — LLzing)=-2[-1306 — (-1177)]=258 which favors the
ZINB over the ZIP model (p<.05).

b) The test statistics of alpha indicates overlision, and thus whether the true specifi-
cation of the model is Poisson or negative binorfEatiman, Jackson and Sinko 2008). Al-
pha is significant in all cases (p<.05), suggestingr-dispersion and preference of NB mod-
els. Therefore, the PRM and the ZIP model can perter, favoring the NBR and ZINB
model respectively.

c) The Vuong test (see Cameron and Trivedi 1998)gul989) is an extension of the
likelihood-ratio test specified to situations ofmpested models. The PRM and ZIP model as
well as the NBRM and ZINB model are not nested, @#wd the log-likelihood ratio test can-
not be applied. The Vuong tests confirmed the sapsr of zero-inflated models over stan-
dard count regression models (ZIP vs. PRM and ZWWBNBRM), because the Vuong statis-
tics exceeded a value of 1.96 (Liu and Cela 200&) example, the Vuong statistic for model
2c (see below) is 6.69, indicating that the ZINBdw®las preferred over the NBRM.
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All four models are presented in Table 18 for tievey sample (applied to the final
Model 2c) and in Table 19 for the network samplgp(eed to Model 1). Overall, the results
confirm that the ZINB model fits the data best. $hAINB models with logit splitting in the
binary model are applied to test the hypotheses.fdhmal ZINB model description is pro-
vided in Appendix 8. The ZINB models are parametatiusing the hypothesized independ-
ent variables to estimate their effect on activgigipation. In addition, age, gender, and ten-
ure are included as control variables. As the ZIiN8del is a two-stage model and the de-
rived hypotheses on the effect on participationcdrgeneral nature, all independent variables
are specified for both the binary (whether or m&t tiser contributes) and the negative bino-
mial (conditional number of contributions) moddlid expected, that the predictors should

have an effect in the hypothesized direction irhbobdels.

Zero-inflated Zero-inflated
Negative Poisson Negative Binomial

Poisson Binomial Logitl) Poisson Logit NB
Intercept 0.024 -0.525 ** -3.030 *** 1.155 *** -2.970 *** 0.991 ***
Degree 0.244 *** 0.329 *** 0.797 *** 0.166 *** 0.800 *** 0.185 ***
Betweenness 0.032 *** 0.034 * 0.034 0.000 0.035 0.000
Ego-Network Density -0.317 *** -0.869 *** -1.167 ** -0.261 ** -1.163 ** -0.355
Share Real Friends -0.719 *** -1.017 *** -1.498 *** -0.361 *** -1.490 *** -0.414 *+*
Identification 0.097 *** 0.135 *** 0.092 0.099 **+* 0.080 0.117 ***
Reciprocity 0.019 0.020 0.124 -0.004 0.124 -0.007
Overall Satisfaction 0.111 *** 0.140 ** 0.271 ** 0.065 *** 0.275 ** 0.067 *
Tenure -0.144 ** -0.196 *** -0.478 *** -0.078 *** -0.482 *+* -0.083 **
Age 0.011 *** 0.023 *** 0.048 ** 0.008 *** 0.049 ** 0.011 **
Gender -0.085 ** -0.122 -0.194 -0.053 -0.198 -0.061
Alpha 1.3600 *** 0.2820 ***
Log-Likelihood -1864 -1282 -1306 -1177
AlC 3749 2588 2656 2400

Dependent Variable: Active Participation (# of activities; categorized); n=486

** n<.01 ** p<.05 * p<.10; NB=negative binomial;

1) signs in the logit part of the model are reversed to indicate the effect on “contributions” instead of “not contributing” (certain zeros).
Positive effects are thus interpreted as “the greater the independent variable, the more likely the users were to contribute”

Table 18: Study 2 — Model Comparison for Survey@am
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Zero-inflated Zero-inflated
Negative Poisson Negative Binomial

Poisson Binomial Logitl) Poisson Logit NB
Intercept -0.376 *** -0.784 ** -2.196 *** 1.329 *x* -2.137 1.133 ***
Degree 0.645 *** 0.707 *=** 0.817 *** 0.338 *** 0.829 *** 0.381 ***
Betweenness -0.023 *=** -0.027 *=** -0.029 *=** -0.026 *** -0.026 *** -0.030 *=**
Ego-Network Density -0.501 *=** -0.932 *=x* -0.854 *** -0.323 *=** -0.848 *** -0.474 ***
Tenure -0.408 *** -0.483 *** -0.550 *** -0.214 *** -0.568 *** -0.237
Age 0.018 *** 0.040 *** 0.044 =+ 0.009 *** 0.053 *** 0.011 ***
Gender -0.080 *** -0.126 *** -0.093 *** -0.048 *** -0.078 ** -0.076 ***
Alpha 3.481 *** 0.866 ***
Log-Likelihood -102257 -55665 -65455 -53515
AIC 204528 111346 130938 107061

Dependent Variable: Active Participation (# of activities; categorized); n=30,431

*** p<.01 ** p<.05 * p<.10; NB=negative binomial;

1) signs in the logit part of the model are reversed to indicate the effect on “contributions” instead of “not contributing” (certain zeros).
Positive effects are thus interpreted as “the greater the independent variable, the more likely the users were to contribute”

Table 19: Study 2 — Model Comparison for NetwonSa

6.5 Results of Main Analysis

A series of three main analyses is conducted. Amall addresses the impact of network
measures on user participation for the entire sampturrent users. Analysis 2 complements
the structural predictors by including attitudimatasures from the survey. This study should
verify the findings from Analysis 1 in cases whatgtudinal measures are available and also
test for the impact of those attitudinal measuréemwnetwork variables are taken into ac-
count. Analysis 3 tests for the moderating effécarzial motivation to use the community by

splitting the sample in two groups and compariraséhgroups.

6.5.1 Analysis 1 — Network Effects on User Participation

To evaluate the effect of social network charastes on user participation behavior, this
analysis uses the entire sample of users withaat lene contact, who registered before T2
and logged-in in T2. A ZINB model is specified (Madl), consisting of the structural (de-
gree, betweenness centrality, and ego-network gg¢rend control variables (tenure, age,
gender), since attitudinal variables are not abéldor the full sample. The results in Table
20 show that degree and ego-network density hayefisant effects in the hypothesized di-
rection for the binary logit-model and the NB-mad&lhigher degree results in a higher level
of active participation. A strongly connected netkvof neighbors has a negative impact on
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participation behavior. Further, this study showsignificant, but negative effect for be-

tweenness, which is in contrast to the hypothegmesitive effect.

6.5.2 Analysis 2 — Network and Attitudinal Effects on UsBarticipation

In Analysis 2, ZINB models are parameterized udnagh network and self-reported
measures to estimate their effect on user actidigpain, tenure, age, and gender are included
as control variables. Because attitudinal measamresnly available for survey respondents,
this analysis uses the reduced survey sample. Pabjgovides an overview of three ZINB
models with the respective parameter estimatessagrdficance level. Model 2a includes
only the structural dimension, while Model 2b irads only the relational dimension. Model
2c is the final model and presents the combinatioboth dimensions. A comparison of the
models based on the log-likelihood and AIC statsstshow that Model 2a is superior to
Model 2b, but a combined model with both structarad attitudinal predictors has a better fit
than the model with structural drivers alone (loA&C value), which underlines the value of
additional self-reported measures.

In the final Model 2c, degree has a significantifpas effect in both parts of the ZINB
model. This suggests that the decision to coneilatiall and the number of contributions are
affected by the number of contacts. Betweenness doeshow any significant effect. The
impact of ego-network density is in the expectedation and statistically significant only in
the logit-part of the model. The share of offlimefds has a negative effect on participation,
implying that a higher share of offline friendsdeao less interaction with the community.

The attitudinal variables provide diverging resulféhile overall satisfaction has a sig-
nificantly positive effect in both parts of the nebdidentification significantly impacts only
the conditional number of activities. Last, recigtg shows no significant effect on user par-
ticipation. An interesting finding is that someesffs of Model 2b change in Model 2c. When
controlling for the network dimension, satisfactioecomes significant in the NB-part of the
model, while reciprocity becomes insignificant ne tlogit-part of the model. In addition, the
effect of tenure changes signs when network mesasareincluded in the model. This leads
to the presumption that network and attitudinalialdles affect each other to some degree.
Although this study does not explicitly test foedle relationships, these results are discussed
in the discussion and limitations section.

In summary, the findings from Analyses 1 and 2 oonthe hypotheses for degree (H1),

share of real-world friends (H4) and satisfactiblT). Ego-network density (H3) and identi-
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fication (H5) can be partly confirmed, as only graat of the two-stage models show consis-
tently significant effects. Betweenness (H2) isyosignificant in Model 1, showing a nega-
tive effect. Reciprocity does not show a significanpact, thus rejecting hypothesis (H6).
When controlling for network structure, tenure sbaavsignificant negative effect, meaning
that users with lower tenure participate more &tyivAt the same time, older users are also
more active. Although gender is only significantMiodel 1, the results suggest that male us-

ers contribute more.

Model 1V Model 2a? Model 2b? Model 2¢? Hypo-

Logits) Neg.Bin. Logit  Neg.Bin. Logit  Neg.Bin. Logit Neg.Bin. theses
Intercept -2.137 *** 1,133 *** -1.795 *** 1.468 *** -1.939 *** 1.062* -2.970 *** (.991 *** -
Degree 0.829 *** (0.381 *** (0.901 *** (0.246 *** - - 0.800 *** (0.185 *** supp.
Betweenness -0.026 *** -0.030 *** 0.012 -0.008 - - 0.035 0.000 n.s.
Ego-Network Density -0.848 *** -0.474 *** -1.676 *** -0.394 - - -1.163 ** -0.355 partly supp.
Share Real Friends - - - - - - -1.490 *** -0.414 *** supp.
Identification - - - - -0.058 0.134 *** 0.080 0.117 ***  partly supp.
Reciprocity - - - - 0.282 *** 0.028 0.124 -0.007 n.s.
Overall Satisfaction - - - - 0.235* 0.058 0.275* 0.067 * supp.
Tenure -0.568 *** -0.237 *** -0.573 *** -0.120 ** 0.163*  0.073** -0.482 *** -0.083 **
Age 0.053 *** 0.011 *** 0.064 ** 0.015*<* 0.030* 0.010* 0.049* 0.011 **
Gender -0.078 ** -0.076 *** -0.290 -0.126 -0.157 -0.019 -0.198 -0.061
Alpha 0.8663 *** 0.3365 *** 0.4184 *** 0.2820 ***
Log-Likelihood -53515 -1207 -1280 -1177
AIC 107061 2445 2590 2400

Model: Zero-Inflated Negative Binomial Models; Dependent Variable: Active Participation (# of activities; categorized)

** n<.01 ** p<.05 * p<.10; supp.=supported; n.s.=not supported; neg.eff.=negative effect

1) n=30,431; 2) n=486

3) signs in the logit-part of the model are reversed to indicate the effect on “contributions” instead of “not contributing” (certain zeros).
Positive effects are thus interpreted as “the greater the independent variable, the more likely the users were to contribute”

Table 20: Study 2 — Results of ZINB Models for ysed 1 and 2

6.5.3 Analysis 3 — Social Motivation and the Effects orsér Participation

In order to better understand the influencing fectin user behavior, two relevant groups
of users are compared: Networkers and Non-Netwsrkgpecifically in online social com-
munities with both editorial and user-generatedeot) not all users are highly driven by the
need for interconnection with other users, as tresemption of information or entertainment
can also provide benefits to use the platform. giap of Networkers is defined as those
users, who state at least an average of four pomtke 7-point social interaction value scale.
Non-Networkers are defined with less than four giBy doing this, 260 users are assigned
to the Non-Networker group, 226 users to the Netaogroup. To estimate the differences

in the structural and relational dimensions (H&pasate regression models with degree, be-
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tweenness, ego-network density, identificationjmecity, and satisfaction as the dependent
variables are used. The user groups are represbptadbinary variable. Age, gender, and
tenure are included as control variables. For tfayais ordinary least squares is used to es-
timate the coefficients and compute heteroskedpstionsistent standard errors (Breusch-
Pagan test, p<.05). For all hypothesized variablkeept ego-network density, the regression
analyses reveal a significant difference (p<.06pp®rting hypothesis H8. Table 21 presents

the results of the regressions for user group coisga

OLS-Regression Results for

Mean Scores Binary Group-Variable?

Dependent Variables N(tra]t;rvzozrlé;ar Non(—rl‘\lzezt;v(;))rker Beta T-Value P-Value
Degree? 3.68 2.54 1.10 8.20 .000
Betweenness? 13.43 10.18 3.12 6.48 .000
Ego-Network Density 0.20 0.24 -0.03 -1.60 .110
Identification 4.13 2.69 1.43 11.28 .000
Reciprocity 3.84 2.43 1.38 10.25 .000
Overall Satisfaction 5.00 4.35 0.66 6.33 .000

1) Statistics provided for the effect of the binary group variable (Networker=1; Non-Networker=0) on the
dependent variables;
Control variables: age, gender, tenure; binary Variable: estimated with robust standard errors

2) log-transformed measure

Table 21: Study 2 — Comparison of Networkers ana-Networkers

Further, two independent ZINB models are specifate for each user group. They in-
clude the same predictor variables as in the fitadiel 2c and estimate the effects on active
participation. The two models are presented in @&2. The absolute log-likelihood (1177)
and the AIC (2400) of Model 2c are larger than shen of the log-likelihoods (1135) and
AICs (2362) of the two separate models. Becausélifference in the log-likelihoods is sig-
nificant (LR-test: cHi(23)=83.78; p<.01) and models with lower AIC arefprred (Cameron
and Trivedi 1998), a separation into two modelsugported. To test hypothesis H9, the sig-
nificance levels of the predictors’ effects in tin® models are assessed. Overall, the results
show that for Networkers all independent variablesly the exception of betweenness, have
a significant effect on the conditional number ohtributions. Interestingly, reciprocity has a
negative effect, which will be addressed in theeussion. The only main variables signifi-
cant in the binary model are degree and shareflofefriends. For Non-Networkers, degree,

ego-network density, satisfaction, reciprocity, amdre of real-world friends are significant
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in the binary model, while only identification iggsificant in the NB-part of the model. This
provides evidence, that for Networkers the condé@lcmumber of contributions is more influ-
enced by the predictors than their decision tordmute at all. For the Non-Networkers, basi-
cally the effects are more important for their deam to contribute, but less for the number of
contributions they make. Although both user grodpsnot differ in all aspects, in general

hypotheses H9a and b are supported for most qirddictors.

Model 2¢? Non-Networkers? Networkers® Difference”

Logit® NB Logit NB Logit NB Logit NB
Intercept -2.970 ¥+ 0.991 *** -2508** -0.276 -2.879 * 2.097 *** - -
Degree 0.800 *** 0.185** 1.073** 0.108 0.716 *** 0.183 *** n.s. supp.
Betweenness 0.035 0.000 0.012 0.042 0.018 -0.016 n.s. n.s.
Ego-Network Density  -1.163 ** -0.355 -2.178 *** -0.347 0.985 -0.540 ** supp. supp
Share Real Friends -1.490 *** -0.414 ** -1.044* -0.378 -2.686 *** -0.394 *** n.s. supp.
Identification 0.080 0.117 *** -0.072 0.139 * 0.182 0.054 * n.s. n.s.
Reciprocity 0.124 -0.007 0.325*  0.035 -0.103 -0.048 ** supp. supp.
Overall Satisfaction 0.275*  0.067 * 0.373*  0.082 0.262 0.056 * supp. supp.
Tenure -0.482 *** -0.083** -0.620 *** 0.002 -0.457 *** -0.138 ***
Age 0.049**  0.011*  0.026 0.022 * 0.074**  0.006 *
Gender -0.198 -0.061 -0.916 **  0.205 0.407 -0.169 **
Alpha 0.2820 *** 0.5793 *** 0.1021 ***
Log-Likelihood -1177 -503 -632
AIC 2400 1052 1310

Model: Zero-Inflated Negative Binomial Models; Dependent Variable: Active Participation (# of activities; categorized)

** p<.01 ** p<.05 * p<.10; NB=negative binomial; supp.=supported; n.s.=not supported

1) n=486; 2) n=260; 3) n=226

4) Differences between networkers and non-networkers are defined as one group showing a significant effect of an

independent variable on participation, while the other groups does not reveal a significant effect of the same variable

on participation for the same model (either logit or negative binomial model)

5) signs in the logit-part of the model are reversed to indicate the effect on “contributions” instead of “not contributing” (certain zeros).
Positive effects are thus interpreted as “the greater the independent variable, the more likely the users were to contribute”

Table 22: Study 2 — Results of ZINB Models for Meters and Non-Networkers

6.5.4 Verification of Results

To verify the results from Analysis 1, the analyaes conducted for a second observation
period, which describes the network of active usefg0 (a timeframe of two month before
T1) and the participation from T1. The results oied from this analysis are similar to the
ones in Analysis 1, thereby confirming the findirigsm Analysis 1 (see Appendix 9).

In a second test, the models are estimated usifagatit transformations of the dependent
variable. As the choice of the number of categouiesd to account for extreme values and
high variance is rather arbitrary, different catézations of the original data are applied to
represent different aggregation levels for the talata variable (see Appendix 10 for the dif-



173

ferent intervals used). Overall, the results fa thfferent transformations of the dependent
variable are almost identical. Thus, the aboveirigsl from Models 1 and 2c are confirmed.

The analyses for Non-Networkers and Networkers witlerent transformations of user par-

ticipation also yielded similar resuft$(see Appendix 11)

Although degree and betweenness centrality of divislual’'s network are conceptually
distinct, they are often highly correlated (e.gehvh, Kilduff, and Brass 2001). Therefore, it
is tested for the collinearity of degree and betwess by examining the variance inflation
factors (VIF) associated with all predictors, wh®ii& scores greater than 10 are indicative
for multicollinearity issues (Field 2005). Nonetbk variables violated this criterion (highest
VIF=3.41 in survey sample, highest VIF=3.52 in natkvsample), thus multicollinearity
should pose no serious threat to the validity ef dmalyses. Nevertheless, to verify the re-
sults, Models 1 and 2 are estimated with the ustoamed betweenness centrality measure.
On this way the correlation with degree is muchdow both models (r<.22), but this leads
also to a higher variance and exposure to outffeces, which was aimed to be avoided in
the main analysis. The results are similar to theirigs above, as most effects are confirmed.
Though, the effect of betweenness becomes signtficpositive in the logit-part of all three
models, providing partly support for hypothesis H@wever, this effect might be attributed
to extreme values and is therefore not consideobdist. Additionally, in Model 2c ego-
network density becomes insignificant in the Iquait, but in Model 1 and 2a stays signifi-
cant, thus still supporting hypothesis H3. The @fef the remaining covariates in all mod-
els stay the same. (see Appendix 12)

In a last test to verify the results of Model Zwe factivity of a user’s contacts is included
as a further control variable. Thereby, active ipgration of friends shows a significant ef-
fect in both parts of the ZINB model. This suggedhtst higher activity of a user’s contacts
stimulates the participation of the focal user,suse more information is available and more
reaction to others’ activities is expected to ocddost effects of the independent variables
remain significant despite controlling for friend=ttivity. Nevertheless, the inclusion of the
friends’ participation leads to an insignificanfeet of degree in the logit-part of the model.

% Only two effects are not predominantly the sarneNon-Networkers, the share of real-world friedits not
show a significant effect in most alternative madalthe logit-part; for Networkers the significaifect of
satisfaction in the NB-part of the model could betsupported by three models with alternative fransations
of activity. Nevertheless, in both cases the resuttm Study 3 were supported by at least one @themative
model. The overall tendency still holds, that fatiNorkers the effect on the conditional numberativities
and that for Non-Networkers the effect on the deniso participate is more important.
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This is not surprising, as a higher degree is aisst likely associated with a higher total

friends’ activity, thus suppressing the effect efjtke in this case. (see Appendix 13)

6.6 Discussion

Although recent community research used objectetevark measures to explain adop-
tion behavior and overall community success, thislysis the first to provide a comprehen-
sive investigation of structural and relationakets on active user participation. In three ana-

lytical steps, the impact of structure and attisidedemonstrated.

Structural Dimension.From a social capital perspective, human behasaarbe affected
by the social network of an individual. The findsngupport the importance of social struc-
tures for behavior. In line with social theoriegustural capital is greater when many direct
contacts provide access to potentially more infdiona thus leading to a positive effect of a
user’'s degree on participation. At the same timbigh ego-network density, meaning that
the ego’s direct contacts are well connected, léadewer user activity. This is consistent
with Granovetter’s (1973) idea of many strong ied Burt's (2000) concept of network clo-
sure leading to redundant information in dense astsy

Surprisingly, betweenness does not consistentlwshgnificant effects across all studies,
and reveals even negative effects in the full nétvsample when controlling for degree (see
Analysis 1). One reason might be the assumptiomsofg only “shortest paths” inherent in
the definition of betweenness centrality. For exlang second or third level neighborhoods
are more densely connected, degree and ego-nettenrbity ceteris paribus, betweenness
centrality is lower as the number of geodesicseduced. Nevertheless, more information
could flow through the focal actor, as more pattes available via which new information
from more distant circles of users can reach the &gcal betweenness might be a more
adequate measure in this context, i.e. being iremtral position between one’s direct
neighbors, as too distant actors might be irreleary., Katona, Zubcsek, and Sarvary
2011).

Further, the share of real-world friends among srmeiline contacts is negatively related
to user participation. This supports the argumkat if the offline channel is available to ac-
cess social capital, it will be preferred over tmine channel. This means that there is less
need to use the online channel for interactionsnfidrmation and social support can be

reached offline. Because online interactions aferior to face-to-face interactions the rela-
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tionship of offline and online is negative (Wellmanal 2001; Cummings, Butler, and Kraut
2002). Thus, online interaction is supplemented rmatccomplemented by offline interaction.

On the other hand, this suggests that online soor@imunity bear greater social capital when
the user is connected to people beyond his offietvork. Thereby, contact to more distant

ties creates value for the user in the online ngéwo

Relational Dimension Nahapiet and Ghoshal (1998) propose a distinabiothe rela-
tional and structural dimension, because they desclifferent facets of social capital. This
study provides support for this view. Attitudinalctors can significantly improve the under-
standing of what makes users contribute in onliammunities. The results suggest, that
identification with the own group of contacts hagpasitive influence on the conditional
number of activities, but not on the decision totipgoate at all. Users who strongly identify
with their group contribute more to the communitfich is consistent with other community
studies (e.g., Algesheimer, Dholakia, Herrmann 2@%olakia, Bagozzi, and Pearo 2004).
Further, the results show that more satisfied uasgsmore likely to participate and show
higher levels of activity when controlling for te&uctural dimension. However, without con-
trolling for a user’'s network effects, satisfactidoes not show significant effects on the con-
ditional number of contributions, which leads te foresumption of interaction effects with
the structural dimension. Contrary to former researeciprocity does not significantly affect
user behavior in Model 2c. As reciprocity dependstiee imputed value of the benefit re-
ceived (Gouldner 1960), the effect of reciprocitight be undermined if the value is not per-
ceived as sufficient. Further, in Model 2b (Tab@® 2eciprocity is significant in the binary
part of the model, but not in the final model. Thisans that its effect is suppressed in Model
2c by the structural variables. Nevertheless, wd@ounting for the level of social motiva-
tion, Analysis 3 reveals that reciprocity has ampaat for different user groups on participa-

tion behavior, which emphasizes the need for usgmentation.

Tenure. Higher tenure does not lead to higher participatithis is in contrast to former
research (e.g., Wasko and Faraj 2005; NambisarBanoh 2007), and the view that more
experienced members contribute more. Though, whércontrolling for network structure
tenure is positively significant. A longer membepsborrelates with the number of friends,
meaning that experienced members have more friandghus contribute more. But, given

the same number of friends, new users are moreeati@n experienced ones.
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Social Motivation. The study shows that different user groups — Nekers and Non-
Networkers — significantly differ in their netwogosition and attitudes. Users motivated by
social needs are more satisfied, can identify motle the community, show a stronger norm
to reciprocate, and are in more advantageous posiin the network. Further, the differen-
tiation of users by their social needs demonstretat different types of users are affected
differently in their behavior. For Networkers, alledictors except betweenness are signifi-
cant influencers of the number of contributionsytheake. Interestingly, reciprocity shows a
significantly negative effect. This could be expkl that if the reciprocity expectations are
not met in the past, users have either lower narfmeciprocity today, but nevertheless par-
ticipate, or they still have higher norms of reoigty, but participate less because they fear
that their participation is not reciprocated. Imtast, the decision of whether to contribute at
all is only affected by degree and share of realldviviends. One reason for this observation
could be that the social needs already explaimdéugsion to participate at all for most of the
users. On the other side, Non-Networkers use themamity platform to a lesser extent out
of social needs, but might be driven more by fuoral needs. For them the information and
editorial content provided on the website mightsdficient to satisfy those needs. There-
fore, they are more affected by factors triggetmgontribute at all. Although, not driven by
high social needs, Non-Networkers are also affebiedtructural capital in form of degree,
ego-network density and share of real-world friemdsheir decision of whether to participate
at all. This is interesting, as structural capdales behavior, although those users are less
interested in social interaction. For example, ¢hasers could be needed as connectors to
distribute information in their networks, which wduforce” the user to be involved. Fur-
ther, for Non-Networkers identification is specdily important, as it is the only factor influ-

encing the number of contributions.

Key Findings. Overall, these results provide three importanbtégcal implications.
First, the study provides support for the impacaofindividual’s network configuration on
user behavior. Specifically, degree, ego-netwonksdg, and the share of real-world friends
are important influencing factors of user activifyhis contributes to existing research in
showing that not only the number of ties is importdut also how the group of online con-
tacts is composed. Second, the relational dimensionides additional explanation of user
participation and holds although objective datased. Even though the structural and rela-
tional dimension of social capital can be distirstpeid with regards to their facets, the analy-

ses provide basis for the presumption of importatgraction effects between structural and
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relational constructs, which needs further invegian. Third, customer segmentation helps
to better understand social capital drivers. Socaglital affects different stages of user par-
ticipation for Networkers and Non-Networkers, amang effects only become visible when

looking at specific user groups as they are diffdyeaffected.
6.7 Managerial Implications

From a managerial perspective specific attentiavukhbe paid to promote the connec-
tion with other users, provide a basis for a stesrmglationship to the community, and cus-
tomize content and functionality to the needs @it#jc user groups.

Community operators should use the objective infdrom on the users’ individual net-
work configuration and try to shape their netwarlaiway to increase user participation. It is
important to facilitate the establishment of tiesther users in a way to open up new infor-
mation sources and connecting otherwise not coadegsers. Especially users with few
friends should be promoted to connect with othersstablish a basis for interaction, for ex-
ample through automatic suggestions of whom they knaw. Recommending ties to distant
users, i.e. users who do not know each other fimoffline world, is even more effective.
As groups may become more cliquish over time, nmgaitinat one’s neighbors connect to
each other, streams of new members to these suipsggare important to refresh the interest
and get access to new interactions. Thus, the camtyrgystem may not focus to recommend
close users from the same region, but specifiaadlgrs from other cities and regions with
similar interests, for example users who visited s#ame offline events or forums on the
community site. Another way to access new streaht®mtent is to reconnect with existing
distant contacts, who are not in the close cirélgziends. First, the community system could
simply suggest reconnecting with specific userso8d, as many systems provide some kind
of newsfeed of the friends’ activities, weak tientaxts could be prioritized in the news list-
ings to facilitate reconnection.

The effects of the attitudinal factors suggest théietter identification with the commu-
nity facilitates higher user participation. Thematnline communities could offer local
events and activities, like brand fests in branchitwnities, to achieve a sense of belonging
and to provide a rich social context which facibathe process of socialization. Those kinds
of events should be carefully offered, as offlimeerfds supplement for online activities,
therefore the focus must be to bring differentlesoof friends together, not already closely

connected clusters. Another way to increase ideatibn with the community online would
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be dedicated thematic groups to meet like-mindexplee These groups should be kept at a
reasonable size, because large groups could beanoreymous. Further, it is important to
keep the expectation of the users and satisfy ttesds. Especially for communities provid-
ing editorial content, quality and quantity of tt@ntent are key factors.

The study demonstrates that different user groupslifferently affected in their behav-
ior. Therefore, it is crucial for community opernet@o understand the different needs of their
users. One simple approach to gain such informationld be a mini-survey after registra-
tion and recurring every few months to know what thirrent needs of the users are. Two or
three simple questions should evaluate social timmal and other needs relevant for the re-
spective type of community. With this knowledgeergiors can better personalize content on
the landing page after logging-in, for example palowg articles, photos and videos for users
with information needs, and news about last agtiwftfriends for socially driven users. Con-
sequently, Non-Networkers should be provided wilevant content and recommendations
to meet other users online and offline. Especidilihose users have not participated yet, in-
troduction to active users and groups of interestathelp to make them “a little” active and
connect with others, which could potentially tuhem into Networkers in the future. For
Networkers it is specifically appropriate to connaed reconnect with distant and new users.
When Networkers decided to participate, the nunabeontributions is influenced by almost
all observed factors. This suggests that commupsrators must continuously stimulate the
activity of Networkers by providing a steady streahmew information or anchors for dis-
cussion and interaction. Therefore on their langiage more focus would be set on display-
ing friends’ activities and prioritizing the recorendation to connect to new users and users
from other regions with similar interests. The néadnew users is also underlined by the
fact, that users with lower tenure contribute m@ik other things being equal). Therefore,
new users help to increase directly the activityrtiier, more experienced users could be

stimulated to be more active by these new inforomasiources.

6.8 Limitations and Future Research

Although the results are insightful and have irdang theoretical and managerial impli-
cations, this research comes with limitations.
Overall structural positions are included in thalgsis. Though, dyadic factors between

the focal actor and other users like homophilyi@rstrength were not investigated. Identifi-
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cation was used as a proxy to include tie stretythe group as a whole. But tie strength to
single members could give additional insights ost@oner activity related to specific other

members in the network and not to the community @aole. Therefore, a more dyadic view
on the influencing factors could help to understamcro level dynamics.

In many online communities a wide range of actxgtis offered. Some users might use
online communities for specific activities like comanication with others, while other users
are more interested in playing games or watchidgas and photos. Depending on the com-
munity’s theme, a differentiation of user activétieould be useful in order to understand
what influences which user activity.

Further, tenure is used as an indicator for thentivg dimension of social capital be-
cause of the unavailability of more detailed datséhis context. Therefore, considering other
factors that reflect the cognitive dimension moxelieitly, like shared language and stories
in the online community, could help to gain furtihesights on this dimension.

As demonstrated in Analysis 2, it is suspected thertte is a relationship between struc-
tural and attitudinal measures. For example, satiiefn and reciprocity could be related to a
user’s degree. Users with many friends could beensatisfied with the community, as there
is more interaction with other users. To test dugbotheses, further investigation of the rela-
tionships between structural and relational dimamsiand the direction of such effects are

recommended.
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7 User Retention: The Effects of Social Structure and
Engagement on Defection from Online Social

Communities®

In the last chapter, a better understanding ofrtfieencing factors of active user partici-
pation was provided. For community operators, tttevation of users is an important goal,
which helps to make the online community more ativa and sustainable. But not all mem-
bers actively contribute and stay forever on ttafpim. The user’s life cycle ends with the
decision to leave to community. As pointed outhater 2.4.3 a critical step in the member-
ship development process is to build loyalty andpka sufficient number of users on the
platform in order to capture the value of the comityu Therefore, community operators
need to understand why their users leave the osliogal community in order to develop
measures to build a long-term relationship withrtheembers. The aim of this section is to

address the question of what influences user defeitt online social communities.

7.1 The Importance of User Retention in Online Social Gmmunities

and the Need to Understand User Defection

Though there has been enormous growth of the omamemunity market in the past
years, this development is slowing down. While samkne social communities are still able
to grow their user base, many smaller and moreonadjionline social communities suffer
from decreasing numbers of members. For examplieirGerman online social community
market some communities lost up to 25% of theiraige 2011 compared to 2010 (Schneller
2011). The trend also shows some social mediauataynong certain user groups of such
sites, where users get bored of their social nétvamid use the community less than when
they first signed up (Gartner 2011). As the onoexmunity market becomes more saturated
it is more important to retain existing users. Ttiadally, customer retention is an important
theme for marketing managers, because retentioftes seen as less expensive than acquisi-

tion of new customers, and it can also yield amgase in profits for the firm (e.g., Reichheld

% This study was conducted jointly with my colleadLieristine Geser, Chair of Services and TechnolMgy
keting, TUM School of Management, Technische Urstitit Minchen.
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and Sasser 1990; Rosenberg and Czepiel 1984).efoher companies try to anticipate cus-
tomer defection and retain the relationship tortieestomers. For online community opera-
tors it is even more important to keep a criticalssrof members using the platform, in order
to remain attractive for existing and prospectigers. Once users are registered on the plat-
form, user retention should be a major objectiveoWledge about what influences the mem-
bers in their decision to stop using the commuaityg which users are more likely to defect
should help to develop measures to strengtheretaganship of the users to the community.

In marketing, the impact of different factors onsmmer churn has been investigated
from many different perspectives. Thereby, pastaesh explains customer attrition by per-
sonal characteristics (e.g., Bhattacharya 1998)ctistomers’ attitudes and perceptions (e.qg.,
Bolton 1998), and specific customer behavior (ebmyer and Murthi 2006; van den Poel
and Lariviere 2004). Although the network perspecplays an increasing role in marketing
(e.g., Achrol and Kotler 1999; Algesheimer and Wanigeim 2006), the effect of the social
context of the customer on his defection behavas teceived only limited attention so far
(e.g., Nitzan and Libai 2011). In the context ofelecommunications provider, Nitzan and
Libai (2011) provided valuable insights on how d#ifey contacts of customers affect the
defection of themselves. They found that a higheniper of defected neighbors also affect
one’s own defection decision. Also in other reseaneas, it has been found that individuals
are affected in their leaving behavior by othergdepsuch as when quitting smoking (Chris-
takis and Fowler 2008) or leaving employment ifr@ {Castilla 2005).

As users connect and interact with each other im@®@communities, their structural capi-
tal in terms of the users’ location within the netlwis expected to influence their usage be-
havior (Tsai and Ghoshal 1998). Because of theraatiionline social communities, network
effects and social influence have been regardedifgpattention (Dholakia, Bagozzi, and
Pearo 2004; Wasko and Faraj 2005). In particutaremt research incorporated social struc-
tural aspects, for example, to explain adoptionab&r (Goldenberg et al. 2009; Katona,
Zubcsek, and Sarvary 2011), the influence of a'sis@g-in behavior on other user’s activity
(Trusov, Bodapati, and Bucklin 2010), or the susaafsopen source software communities
on a community level (Toral et al. 2009). In stulychapter 6), it was already pointed out
that there is a lack of knowledge about how thedigmsition in the network and the overall
network structure influence user contribution ie tinline social community. In addition, the
effect of the social network structure and the fpmsiof the users in the network on user de-
fection have not yet been studied. Because usersa@rnected to different people in the

online community, it is expected that their so@alironment has a direct effect on the deci-
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sion to stay with the community or to leave. Thisof considerable interest for the online
community operator, because the knowledge of houcttre influences defection can help
to shape the community in a way to reduce userctiefe This is the first study that employs
a user’s position in the online network, the couafaion of his close network of contacts, and
his engagement in the community to explain thdihked of defection from an online social

community.

This study contributes to marketing and online camity literature in several ways.
First, the focus is to understand the effect ofubers’ social connections on their decision to
leave the community. Thereby, social network messim terms of a user’s centrality and
ego-network density are used to explain defectieimaliior, which have not been studied in
this context. Further, the effects of the compositf the users’ social networks are investi-
gated, concentrating on the focal user’s similanitth his contacts’ and the share of defected
users among one’s contacts. Although network meaduasve been used in the past to study
user behavior in online communities (e.g., Goldeghet al. 2009; Katona, Zubcsek, and
Sarvary 2011; Trusov, Bodapati, and Bucklin 2010as®6 and Faraj 2005), there is no
knowledge about their impact on the users’ propgnsi leave the community. Second,
changing effects over time are investigated fowvatiables. The study reveals that for some
influencing factors, their impact decreases oveetiThis is important for the timing of spe-
cific operator initiated measures to retain theseng. Third, the study is conducted with a
unique data set. By using the data from a freenentommunity service with a closed net-
work of users (see chapter 4 for the descriptiothefresearch object), this study provides a
valuable context for observing the effect of theialbcontext on defection. Longitudinal data
of two years is used to follow a cohort of usemnfrtheir registration to their defection or
end of the observation period. Thereby, time-vayyeovariates are employed in a survival

analysis, which provides a more accurate estimatighe effects on defection.

7.2 Theoretical Background and Hypotheses

7.2.1 The Social Context of Online Communities and Useet@ntion

For community operators, an important questionhy ¥heir users continue or stop using
the platform. Because online community membersractewith other members and the
community as a whole, the impact of the socialeitmal context of online communities on

member behavior should be accorded explicit re¢imgniSocial network theory posits that
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the social network of an individual affects humashévior. With regards to user retention,
one important aspect to keep users on the platiotire benefits they gain from the relation-
ship to the community. Thereby, it has been suggdetat individuals choose to keep social
contacts because of the existence of social capitalch emphasizes the value of social
structures for social action (e.g., Bourdieu 19B6rt 1992; Coleman 1988; for a more de-
tailed introduction to social networks and sociapital, see chapter 3.2 and 3.3). An impor-
tant aspect of social capital is that investmenganial relations results in benefits. Benefits
can be realized on an individual and collectiveelend they include functional benefits from
exchanging information and knowledge as well agladgty benefits and social support pro-
vided by other individuals or the community as eolegh(e.g., Adler and Kwon 2002; Burt
1997; Coleman 1988; Matthwick, Wiertz, and de Rug@08). Therefore, the value of using
an online social community lies in the opportundyaccess resources and interact with other
people, for example through communication, sharitegs, helping each other, or exchang-
ing digital goods such as photos and videos.

Compared to human capital, which is embodied irsthiés and knowledge of an individ-
ual, social capital is not owned by an individdmlf is jointly owned by the community (Burt
1992). Social capital is inherent in the socialature and offers only advantages through the
relationships with other users. If the relationstipghe community or other members is ab-
sent, the social capital is lost. Therefore, leguine community would result in a loss of
capital for the defecting individual. When a memheaves, all connections are cut to the
community. Because social capital facilitates thkeheange and combination of resources and
information (Nahapiet and Ghoshal 1998), it is imi@ot to keep connected to ensure further
access to the social capital in the communityhd tapital that an individual member can
gain from social interaction with the online comrtyns large enough, the member should
continue using the site. Hence, when his sociaktisnare higher than the costs, the user
would stay. Alternatively, if there are high oppority costs when leaving, meaning that one
would lose a lot of social capital and benefitg thlationship would be maintained. Conse-
guently, the user would evaluate the benefits that be achieved in the online social com-
munity depending on the connections to other uddre.composition of the user’s network
and the relationships to one’s contacts play aromapt role, which is expected to influence
the user’s decision to leave.

In the following, hypotheses are developed on #soof social theories about the effect
of a user’s social structure and engagement ircoimemunity on the individual’s likelihood

to defect.
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7.2.2 Ego-Network Structure

Centrality. In social theories the structure and configurabbthe individuals’ networks
play an important role for their behavior. Valuableormation flows can arise from network
ties, which provide access to resources and infoom#&Nahapiet and Ghoshal 1998). Here,
centrality is an adequate concept to measure &uysasition in the network. Degree and be-
tweenness centrality are simple to calculate aadtbst commonly used centrality measures
(e.g., Freeman 1978/79; Wasserman and Faust $994).

As pointed out in chapter 3.2.2, degree centrdbtythe degree) of a user describes the
number of contacts or ‘friends’ to which the focesler is connected (Freeman 1978/79). A
person who is highly connected to others acts amtansection in the sense that a large
amount of information can pass through this per3bis means that users with a high degree
centrality are more involved in the network tharrspas with a low degree (Freeman
1978/79). Not only direct contacts, but also incifsecond-level contacts, i.e. the contacts of
the focal user’s direct contacts, can help to iaseethe flow of valuable information to the
focal user. The reason is that through their castde focal users potentially gain access to
more information sources. The more indirect costacte has, the more exposed to knowl-
edge beyond one’s own friendship circle (Granovel&73). Access to information would
lead to higher exchange of resources (NahapietGirashal 1998), resulting in a higher fu-
ture exchange and loyalty of the user to his ndtwibrsocial capital is created in an organi-
zation or community, through community specificsti¢he likelihood of remaining in the
community would be higher (Dess and Shaw 2001) r&lyevhen more sources of informa-
tion and support are available to the focal usbesy should stay longer in the community as
they want to keep these ties that provide functiand emotional benefits.

Betweenness centrality is a second measure ofs#esicentral location in the online so-
cial community. Being in a central position, i.@ng on a high number of shortest paths be-
tween all other pairs of actors in the network (deoy, Mrvar, and Batagelj 2005;
Wasserman and Faust 1994), increases the potantiaks to relevant information. This is
because actors, who take on brokerage roles betoien actors, constitute a bridge be-
tween sub-groups, so that non-redundant commuaicatnd information can flow through
this actor (e.g., Burt 2000). Central actors arpartant intermediaries in the communication
network, i.e. they are involved in the interactiointhe other actors (de Nooy, Mrvar, and

%5 A more detailed description of network measurasamoverview of the mathematical definitions aftcal-
ity can be found in chapter 3.2. This study focuzseslegree and betweenness centrality, becausnelss cen-
trality cannot be calculated in weakly connectetivoeks, which is the case for the empirical reskeangject.
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Batagelj 2005; Freeman 1978/79). Being more inwblvethe activity of other users and ac-
cessing relevant resources increases the valueracas gain from the online community.
Because social capital lies in the connection belomembers (Nahapiet and Ghoshal 1998),
users with more ties should gain higher socialteapienefits. Higher benefits make the net-
work more attractive for the user. This should leéad lower willingness to leave the online
community, because breaking up with sources ofrinédion and social support would result
in losing social capital. In a study on adoptiorhdaor, Katona, Zubcsek, and Sarvary
(2011) investigated the influence of network efeon the diffusion process in an online
community. They find that people adopt more likélyhe number of their friends who al-
ready adopted is high. Accordingly, it is proposede that a high number of contacts who
use the online community should influence the facs#r to continue using the service, and
thus reduce the likelihood to defect. This leadh&ofollowing hypotheses:

H1: Users with a higher degree centrality are l&ksly to defect.
H2: Users whose contacts have a higher averageeadegre less likely to defect.
H3: Users with higher betweenness centrality ass llgkely to defect.

Ego-Network Density According to Burt (2000), density is often discubses network
closure and describes how closely connected altacts) are to one another. Here, ego-
network density is the extent to which a commumitgmber’s (online) contacts are con-
nected to each oth&.From a social capital perspective, network clodamilitates the ac-
cess to information and sanctions that make itrieky for people in the network to trust one
another (Burt 2000; Coleman 1988; Nahapiet and ldk998). Although network closure
increases the probability of redundant informateond decreases the opportunity to broker
(Burt 2000), the establishment of close-knit sulbigsis associated with stronger ties among
friends (Granovetter 1973). When a user’s friengs sdrongly connected, emotional inten-
sity, companionship, interaction, and a sense dtialily emerge (Granovetter 1973; Walker,
Wasserman, and Wellman 1993). A family-like envimamt with strong attachment arises,
where users would not be likely to break up thatr@hship with their community. Therefore,
closure enables the development of norms, trustjdantities (Coleman 1988), which in turn

leads to more engagement and loyalty (e.g., Algestre Dholakia and Herrmann 2005;

% The density of the ego’s network describes thebarrof relationships between direct neighbors effttal
actor in relation to the maximum number of relasiretween these neighbors (de Nooy, Mrvar, andg@§ta
2005).
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Dholakia, Bagozzi, and Pearo 2004). In an orgaiuizat setting, Cappelli (2000) argues that
the more employees are interacting and buildingti@iships between colleagues, the more
loyal these employees become towards the compasy ake working for. Thus, it is hy-

pothesized:

H4: Users with a higher ego-network density ares ldsely to defect.

Similarity. In network theory, similarity or homophily refers the degree to which indi-
viduals are similar in terms of certain attributesch as demographics, social status, or life-
style (McPherson, Smith-Lovin, and Cook 2001). dotf online social communities already
build upon the similarity of people in certain as{se as they often center around a specific
topic and bring together like-minded people. Howgwathin the online community, people
differ. There is a tendency that socially similaople connect with each other more often
and more closely than people who are dissimilara(@vetter 1973; McPherson, Smith-
Lovin, and Cook 2001). When individuals are simtlaiother members, they are more likely
to develop greater levels of interpersonal atteagtcompanionship, trust, and understanding
with these contacts (Ruef, Aldrich, and Carter 20@8ibsequently, similar users experience
higher levels of social capital inherent in thalationships with the community, because so-
cial capital also emerges from obligations, idécdtion and trust to other users (Nahapiet
and Ghoshal 1998). Higher similarity, indicatingneased social capital benefits from these
relationships, would therefore decrease the pakatiusers to leave the online community.
Further, as similar people more often connect th edher, they would in turn be less likely
to disconnect. It has been found that higher shityldbetween sender and receiver of infor-
mation has positive effects on the influence of $kaders (Evans 1963; Gilly et al. 1998;
Wangenheim and Bayon 2004b). In addition, a stuaBetl on telecommunications data re-
vealed that similarity with defecting neighbors remses the likelihood of the focal cus-
tomer’s defection (Nitzan and Libai 2011). This gags that higher similarity to one’s active
contacts should decrease the risk of leaving tihenwonity.

Similarity between people can be measured alongowsrdimensions (McPherson,
Smith-Lovin, and Cook 2001). Locally organized aerlicommunities have the goal to con-
nect with other users and meet new people fronséinee and different regions. Because us-
ers may prefer to get information on leisure tinsgvéties (as the topic of the online social
community studied here) from people who are likembelves, gender and geographic prox-

imity are chosen as relevant factors to observdagiity. Consequently, it is hypothesized:
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H5a: Users with a higher share of contacts from slaene geographical region are less
likely to defect.

H5b: Users whose contacts are from regions thatareverage closer to the own region
are less likely to defect.

H5c: Users with a higher share of contacts of thme gender are less likely to defect.

Share of Defected Contactdlot only the user’s current contacts, but alsogheup of
defected contacts, are expected to have an impatheofocal user’'s decision to leave the
community or not. If many members of one’s circliefeends leave, more information
sources are lost. Less access to information, ¢iralirect and indirect contacts, would lead
to lower exchange of resources (Nahapiet and Ghd€®s8). If social capital, which is in-
herent in the connections to other members, leadslower likelihood of defection, the op-
posite should happen when the number of defectedds is higher, i.e. the risk of leaving
increases.

In addition, collective behavior of leaving the théam influences the focal user’s own
leaving behavior. According to Granovetter (19#&)llective behavior occurs in situations
where people have to decide between two optionstlagid decision is dependent on the
number of other individuals that have already chaseertain option (see also chapter 3.4.4
for a brief introduction to collective behavior nasl). In this case, the user has the choice of
leaving or staying in the community, where the dieci is based on the costs and/or benefits
to do so and depends in part on how many othere mdtkich choice. At some point, when
the proportion of people who take one choice igdagnough, the perceived benefits to the
individual of doing the thing in question exceeeittperceived cost. Therefore, with many
members leaving, the benefits of staying are lavan the costs at some point, and the user
would decide to leave as well. In online commusititne individual’s social structure is of
particular relevance, because the number of cantaldb leave the community is weighted
much higher by the focal user than the defectioargf other member in the entire commu-
nity (Granovetter 1978). Consequently, the useegigion to defect will depend in part on
the proportion of the users’ contacts, who haveaaly left the community. Because the bene-

fits of remaining in the community decrease withigher share of defected contacts, more
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users would decide to leave the community whenghire increasé$.This kind of social

influence has been demonstrated to occur in vamstuations. For example, Christakis and
Fowler (2008) found that the quitting behavior afiakers is positively influenced by the
smokers’ friends, who have already stopped smoKkim@. telecommunications context, Nit-
zan and Libai (2011) demonstrated the positivecefté the number of defecting neighbors

on the focal customer’s defection. Thus, it is Hjjesized:

H6: Users with a higher share of defected contacesmore likely to defect.

7.2.3 Community Engagement

Active User ParticipationAs online communities subsist on user contributiand ex-
change of information, active user participatioaysl a central role in the community context
(e.g., Hagel and Armstrong 2006; Rheingold 1993)an online social network, interaction
with the community and other users describes thaisaship to the community. A high
guantity of interaction is related to stronger tielaships, because its strength can be de-
scribed as the amount of time spent and frequehcprtact (Granovetter 1973). Therefore,
higher participation in the community increasesdhierall strength of the relationship to the
community, as more information has been exchang#dather users. The social capital in
the community increases because participation fostdationships (Nahapiet and Ghoshal
1998). People who have strong interpersonal reiahips are less likely to terminate the rela-
tionship to an institution or organization (Dessl &haw 2001). As a result, higher engage-
ment in the online community leads to increasedmdment and loyalty to the community
(e.g., Algesheimer, Dholakia and Herrmann 2005; 3&sichlaeger, Hartleb and Blut 2008).

In addition, user participation can serve as aimcatdr for customer satisfaction (Bolton
and Lemon 1999; Nitzan and Libai 2011). Customaésfsation is a function of expectations
and disconfirmation (Oliver 1997). Expectations @eming a product or service work as a
reference point with which the customers compaees dhtcome of the product or service.
When the product or service exceeds customers’otxip@ns they will be satisfied. As ex-
pectations also play an important role in the retato ones network (Nahapiet and Ghoshal

1998), they are likely to influence the users’ mation to also participate on the platform in

7 Granovetter (1978) describes threshold modelgptain at which point such a decision would ocdtire
decision is very complex involving different indilial benefits and costs levels and also incorpaydtie qual-
ity of relationships, which is out of the scopetltis study to elaborate on. Nevertheless, on aratiyeasis, a
higher share of inactive friends should be podifivelated with leaving the community.
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the future. Following Bolton and Lemon (1999),stassumed that a decrease in the users’
participation level over time indicates dissatisfat. In a study conducted in the context of
an interactive television entertainment service armellular communications service, Bolton
and Lemon (1999) affirmed that high customer satisbn is followed by high usage levels.
When users do not expect that their needs willdbisfsed in the future, based on past experi-
ences and disconfirmed expectations, they areliledg to participate in online community
activities. The change of participation level ottee past months is therefore an indicator of
satisfaction. A positive change suggests increasetbgative change decreased satisfaction.
Bolton (1998) shows that customer satisfactiomgatihave a positive impact on the duration
of the relationship between a cellular phone serpivider and its customers. Satisfaction
and participation have also been demonstratedfitgeimce continuance intentions in commu-
nities (e.g., Chen 2007; Lampe et al. 2010; Lin hed 2006; Woisetschlaeger, Hartleb, and
Blut 2008). This leads to the following hypotheses:

H7a: Users showing higher active participation dess likely to defect.
H7b: Users showing higher positive changes in theiive participation are less likely to

defect.

Verified Membership.Trust is an important facet, which supports thdimghess to en-
gage in social exchange, and may indicate gregtenreess to the potential value creation
through information exchange (Coleman 1988; Nahlame Ghoshal 1998). A trusted rela-
tionship leads to commitment and cooperative behmavihat are conducive to relationship
marketing success (Morgan and Hunt 1994). Moorrdattman, and Deshpande (1992, p.
315) define trust as “a willingness to rely on acleange partner in whom one has confi-
dence”. In the online world, trust takes an ess¢mart of the relationship between actors
who do not necessarily know each other from thenmégg (Ba 2001). Members of online
communities should ensure that personal informasarot misused by the community. Nev-
ertheless, if community members offer personal rmftion, they show confidence to the
community operator and its members, though therencertainty about what could happen
by revealing their personal information (Gross awdjuisti 2005). Relationships that are
perceived as very trustful are highly valued; thene users will want to commit themselves
to such relationships (Morgan and Hunt 1994).

A verified membership in an online community is @xlicit way to show such trust and

commitment towards the community. In order to wehimself as a ‘real’ member, the user
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provides his true personal data in the verificapyocess. In return he is labeled a ‘real

member on the community site. As the relationslgfieen trust and commitment is evident

(Morgan and Hunt 1994), being a verified membeo atslicates that the user is more com-
mitted to the relationship with the community, besathe user puts effort in the verification

process and the authentication seal only has vibree wants to stay in the community for a

longer time. In addition, verified members alsoateetrust for other community members in

the sense that they are perceived as honest aothbég so that other members can have
confidence in them (Ba 2001).

Based on a review of studies on trust, Shankaratjrand Sultan (2002) conceptualize
that online trust is an important predictor of coitment, intentions to act, loyalty and repeat
usage behavior. Thereby, trust can be viewed dsdbelief in the trustworthiness of others
and a behavioral intention to rely on the commumty situation of vulnerability (Shankar,
Urban, and Sultan 2002). Empirical evidence of plositive relationship between trust,
commitment and retention is provided by severatlisti (e.g., Morgan and Hunt 1994;
Gustafsson, Johnson, and Roos 2005). Also, in tlieeocontext, it has been demonstrated
that loyalty results from trust and commitment (e@asalo et al. 2009; Zhang et al. 2010).

Thus, the following hypothesis is derived:

H8: Verified members are less likely to defect than-verified members.
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Figure 15 summarizes the hypotheses developeckeiprévious section. To test the hy-

potheses, data from the online social communitysexd, which is introduced in chapter 4.

Network of Contacts

Degree (Centrality) (H1)
Average Degree of Contacts (H2)
Betweenness Centrality (H3)
Ego-Network Density (H4)
Similarity:
- Region (H5a)
- Distance (H5b)
- Gender (H5c¢)
Share of Inactive Contacts (H6)
Community Engagement
Active Participation Level (H7a)
Change in Active Participation (H7b)
Verified Membership (H8)

User Defection

Time-Dependent Effects

(IV) that violate the Proportional Hazards
assumption and a function of time g(t):
IV x g(t)

Interaction Terms between Independent Variables

|:| Users’ Network Measures |:| Other Measures

Control:
Age
Gender

Figure 15: Study 3 — User Defection Model

7.3.1 Data and Sample Characteristics

The operator of the online social community coktelcthe data for this study over a time
span of 25 months between 2008 and 2010. In oodstutly the duration time of users a co-

hort analysis is used, which is a powerful tooineestigate customer lifetime related issues

(e.g., Parasuraman 1997; Reinartz and Kumar 200@reby, all users who registered in the

same month for the service are followed until thd ef the observation window. This in-

cludes both users who are still using the commueity users who left the community. The

analyses are based on 5752 users, who registedavember 2008, consequently the obser-

vations are not left-censoré4® The mean survival time is 9.65 months (medianG) for

% Only those users are taken into account, whometiiat least once to the platform after registratigsers
who only registered, but did not return to the malcommunity show very little interest in using Hegvice and
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the entire sample. This cohort contains 83% otifad (users identified as defected), i.e. 17%
of the subjects are right censored (survived lotigan the end of the time period used in the
analysis). The overview of the sample charactessn Table 23 includes means and stan-
dard deviations for the time-varying variables lgbse the last available observation for each
subject. Cohort 1 is used in the main analysisJemM@bhort 2 is used in the verification tests

in chapter 7.3.6. A description of the relevaniafales can be found in the next section.

Cohort 2
(Validation Sample)

# or % of users

Cohort 1

# or % of users

Subjects 5752 5497
Failures 4775 4553
Censored Subjects (%) 17% 17%
Observations 55488 50806
Gender (female) 55% 55%
Share of Users Without any Contacts 74 % 75%
Verified Membership (yes) 8 % 8%
mean?) std.dev.) mean std.dev.
All Users
Survival Time (months) 9.65 8.15 9.24 7.79
(Min = 1; Max = 22) (Min = 1; Max = 21)
Age (years) 23.58 5.81 23.60 5.85
Degree (# of active contacts) 11.35 88.85 11.28 64.64
Avg. Active Participation Level (per subject) 2.95 24.85 3.73 27.97
Users with Contacts
Degree (# of active contacts) 43.88 170.59 45.42 123.64
Average Degree of Active Contacts 213.51 249.04 219.94 257.06
Betweenness? (in active user network) 8.53 6.82 9.05 6.57
Ego-Network Density (of active contacts) 0.20 0.27 0.21 0.26
Average Similarity with Active Contacts
- same Region (%) 0.61 0.41 0.62 0.40
- avg. Distance to Active Contacts (km) 21.28 31.12 22.42 33.12
- same Gender (%) 0.43 0.34 0.42 0.33
Share of Defected Contacts 0.18 0.25 0.17 0.23
Average monthly Participation Level (per subject) 10.86 47.87 14.16 53.56

1) Means and standard deviations calculated on basis of last available observation for each subject
2) Transformed betweenness measure
Note: All statistics based on the data set with cutoff threshold = 3 months

Table 23: Study 3 — Sample Characteristics

provide only very limited information and data @ttors which led to their immediate defection. Efere,
these users are of little value for the currentlgtuvhich focuses on social effects and user behavi

%9 Cases with missing values are not included. It fatssing values only appear in the age variabteraake
up only a small proportion of the entire samples&Bjects, which corresponds to ~1 % of all subjetCohort
1 have been withdrawn. Thus, missing values ara g issue in this study.
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7.3.2 Measurement of Constructs

Because survival analysis is chosen as an apptepnol to test the hypotheses on user
defection, this study uses longitudinal data. Cqusatly, it is based on objective data avail-
able on the relevant user cohort. The dataset stsnsf multiple observations for each user.
Each observation represents one month for a sumge, with the last month including the
event of defection or the end of the relevant olet@n period (censorship). Because most
measures are available for each month individualgnges in the structure and relationships
are considered in the analysis. The dependentblaria duration time, which reflects the
time until the event of defection is observed. Efare, the entire membership history in the
online community is observed for each user of Cohan a 25-month time window, includ-
ing the status of defection as well as a set ohdates described below. The correlation table
of all observations is provided in Appendix 14, @fhidoes not indicate any collinearity is-

sues.

User Defection Defection is defined as having not logged in am ghatform for a certain
period of time or when the user unsubscribed frbenanline social community. Therefore,
the last login date of the user determines whetheuser is classified as still active (i.e. not
defected) or defected. When the last login datéder then a specified threshold value, dated
back from the end of the observation period, ther issclassified as defected. Hiatus heuris-
tics are used to determine user defection startguse such heuristics are easy to use as a
means to define user defection in practice. Theg perform well in determining active and
inactive customers (Wibben and Wangenheim 2008)tHeohiatus heuristic, there needs to
be a cutoff threshold below which users are classified as active, amy@lwhich users are
classified as defected (Wubben and Wangenheim 2008)user has not logged in for more
than a time span of length he is considered defected; otherwise, he is densil active.
Sensitivity analyses are conducted to assess @lifféhreshold values and their effectiveness
in correctly classifying active and defected uséist this purpose, each user’'s defection
status is determined by the last login date, takehe end of the observation period, and the
cutoff threshold is set to one, two, three, foive fand six montH$. For example, if a cutoff
value of three months is taken, a user who hasogged in within the last three months be-

fore the end of the observation window is declaedlefected in the month of last login (de-

"0 Note that deregistrations occur to a much lessenethan just not returning to the community. fifiere, it
is also important to define defection by the tife tser has not logged in recently.
"L Given that online communities operate in a fastimg market, hiatus lengths is tested of up tonsonths.



194

fection event=1). To check if users have been ctyelassified, i.e. if they have been
online after the observation period, the last lagformation available from data nine months
after the end of the observation period is examenadl the correct classification is assessed.
If subjects exhibit any login in the period afteetobservation window, they are designated
still active, otherwise they are designated asalete Therefore, it is possible to determine if
active users were still active, and if defectedsisid not return in the time after the observa-
tion period. The correct classifications for sixaftivalues (1 to 6 months) are compared. A
cutoff threshold ot is considered optimal, if it maximizes the percgetaf overall correctly
classified active and defected users. Table 24 shbesresults of correctly classified active
and defected users for each cutoff threshold. @bketillustrates that the best result is given
at a cutoff date of three months, showing the hagiatal percentage of correctly identified
users. This cutoff threshold is also consistenhwhe community operator’s definition of in-
active users. Thus, defection is determined fousérs who had their last login date three
months before the end of the observation windowth&éhmain analyses only the results for

models based on the three-months cutoff threshelgrmesente®

Cohort 1

Cutoff Threshold”: 1 month 2 months 3 months 4 months 5 months 6 months
Number of Subjects 57372 5737 5737 5737 5737 5737
Active, correctly classified (%) 47.13% 58.87% 64.96% 68.14% 69.99% 71.67%
Defected, correctly classified (%) 98.46% 97.00% 95.53% 94.05% 93.20% 91.92%
Overall correctly classified (%) 88.32% 89.47% 89.49% 88.93% 88.62% 87.92%
Active, but classified defected (%) 52.87% 41.13% 35.04% 31.86% 30.01% 28.33%
Defected, but classified active (%) 1.54% 3.00% 4.47% 5.95% 6.80% 8.08%
Overall incorrectly classified (%) 11.68% 10.53% 10.51% 11.07% 11.38% 12.08%

Note: Classification based on comparison of last login date at the end of the observation window

compared to the last login data nine months after the observation window
1) Cutoff Threshold: users who have not been logged in for more than x months are designated as defected
2) n=5737 due to missing values in the validation data of last login dates

Table 24: Study 3 — Analysis of Inactivity Cutdifdsholds

Independent variablesThe dataset provides time-constant as well as-vianging co-
variates. Time-constant covariates include age dgs at the end of the observation period),
gender, and verified membership. These variablegsshe same values over time for each
individual user. In addition, the users’ networknfiguration and behavior is followed over

time. Time-varying covariates include degree, ayerdegree of the users’ contacts, be-

"2 However, robustness tests with other thresholdesain the models are pursued, which are preséattsdin
this study.
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tweenness centrality, ego-network density, avesagéarity with active contacts, share of
defected contacts, and participation variables tikle-varying covariates are measured on a

monthly basis to approximate a continuous-time @gece.g., Nitzan and Libai 2011).

Network variables.Network analytical measures — degree, betweencessality, and
ego-network density — are calculated using theasawetworks software Pajek (de Nooy,
Mrvar, and Batagelj 2005). The interconnectionsMeen users are based on their ‘friend-
ships’, where each user must explicitly connechwaiother user in a bidirectional manner to
establish a friendship tie. For each month in theeovation period, the network of all active
users is used to determine the users’ networkipogiincluding users not part of Cohort%).
Note that users can have more contacts in the&nds list than they have active contacts.
This is because most members do not explicitly bsstibe from the platform, rather they do
not return and are therefore determined as losgdmd when they have not returned for a
specified period of time (see above for a discussibout the threshold for defection). Be-
cause of the focus on the dynamic social conteatumer defection in this study, it is critical
to consider the user’s active social network anféated contacts individually. Based on this
active friend network, which is an undirected natwbetween users, degree, betweenness
centrality and ego-network density are computedefich month of the observation period.
For the formula and description of the network nuees see chapter 3.2.2.

As explained in chapter 3.2.2, degree represeatauimber of active contacts of the focal
user in the respective month; ego-network densagcdbes how closely connected all active
contacts of the focal user are to one another;betieenness centrality describes the central
position of the focal user in terms of his locatmmthe shortest paths between all other pairs
of active users in the network. Because of thereattithe betweenness centrality measure in
large networks, the values of this measure becosng small for a large number of users,
consequently showing a high variance. Therefore vdriance and the effect of extreme val-
ues for betweenness centrality are reduced. Tomane stable results, the variable is trans-
formed in the following way: betweenness centralgs first multiplied with the inverse ra-
tio of the lowest non-zero value to determine thadst betweenness value at value 1. The

new values are then log-transformed.

3 When the event of defection takes place in mofitle tthe last login of the user, where defect®defined
above in this study), then the user is still actiméil and including month t, but determined asedéfd, and
therefore ignored in the network analysis in mdathand the following months. Defected users atémo
cluded in the actual monthly network of the focedéiy because the tie virtually still exists, butad maintained
anymore, and therefore of no value for the focalus
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Average degree of active contacihe average degree of the focal user’s neighbors is
calculated for each usein montht. For each neighbgrthe degree of his active contacts is
computed, and the sum of all neighbors’ degreasantht is averaged by the number of ac-
tive neighborg in this month Kl; ;).

Y ContactDegee, ,

(7.1) avgContadDegree, =

N,
Share of defected contact¥he number of defected contacts includes all rimghof the

focal user, who defected in the respective montiedialing to the definition of defection).

Because defection implies that the user in mangsdses not return to the platform (silent
attrition), the focal user does not necessarily emchediately realize the defection of con-
tacts. As friends who became inactive in the prixgechonths can also affect the focal user’s
loyalty, for example when the overall ratio of ddtal to active friends becomes high, the
cumulative number of defected contacts is takem @onhsideration. Therefore, this study em-
ploys the ratio of all defected contacts of ustr all relationships this user established with

other users until monthin total:

> Defected,

(7.2) ShareDefeed , ==2———
' TotalTies,

Simultaneity between focal users and their neighlorbecoming inactive is addressed
by using the exact dates of defection, and thusirergs that only users are counted as de-
fected who last logged in before the focal useth@ugh last login data is available on a daily
basis, monthly aggregated data is used for theyses| because not all covariate data is

available on a daily basis.

Similarity variables.In the analysis, covariates representing the amtyl between the fo-
cal user and his active contacts are included. aMegage similarity of all direct and active
neighbors of the focal user is calculated with eesfo the characteristics of interest. Three
characteristics are used for this purpose: geograplocation, distance between geographi-
cal locations, and gend&YBinary variables (1=match, 0=no match) are intazlito indi-
cate similarity of geographical location and gendfeboth users have the same gender or are

registered in the same region or city their sintyais 1. In the case of geographical distance,

™ Age is not used as a similarity variable, becahseonline community is targeted at a specific gugaip al-
ready, and there are missing values in age for s@®es which would potentially bias the similasrgriable.
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similarity represents the distance between theoregity of the focal userand the neighbor

j. If they both belong to the same region the distais O; if they belong to different regions
the similarity is the air-line-distance between tenters of these two regions measured in
kilometers®. In general, similarity is defined by:

> Similarity, | * 3,
(7.3) avgSimilaity,, = . with avgSimilarity=0 if »'J,, =0,

z 5j . JES)

j1SN

where usey is a neighbor of userand therefore part @% social network j O SN); 9, is a

binary variable (0 or 1) that reflects whether yssran active contact ofin montht.

Participation variables.The users’ active participation in the online abcommunity is
measured by an index that includes out-going dgtivie. communication with other users,
comments and rating§.Two measures of participation are considered énahalysis. First,
the level of participation consists of aggregatetivdy data for each single month in the data
set. Second, in accordance to Nitzan and Libai YP@Gihd Bolton and Lemon (1999) a
change in usage is used to indicate satisfactiberefore, a delta-measure is calculated to
describe the difference in usage compared to theeping months. This measure shows how
the engagement in the community changed — positimelgatively, or not at all. This change
is calculated as the difference between the cutesed of participation in monthminus the

mean participation in the three months precetting
(7.4) DActivity , = Activity,, —averag€Activity, ,_,, Activity, ,_,, Activity,, ;)

An average of the three preceding months is usedvaal bias caused by fluctuations in
customers' usage levels over time. Due to missahges in the first three months (inherent in
the cohort approach), the delta measure is catulikad the average of the non-missing lagged
variables of activity in the first three months, ilghin month 1 the delta activity equals the

activity in this month.

Verified membershipThe online community users can achieve a verifiednivership by
applying for authentication of their personal dafhe authentication process requires true

5 The distance was gained by entering the nameedfith or region in the provided calculator of thebsite
http://www.luftlinie.org, which calculates the dine-distance of the first to the second regior@nter.

"8 In this study, active participation representsribmber of messages sent to other users, writtest gnook
entries, virtual gifts sent to other users, commémngroups, and submitted ratings on photos aodpy.
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personal data, specifically real name and addvassre the authentication code can be sent.
When the code is correctly entered on the commumélsite, the user appears as a “veri-
fied” member, which is presented as a symbol oruttes’s profile page and is visible for all
other users. The variable is therefore a binarjabéa with value 1 representing the verified

membership, and value 0 otherwise.

Control variables.In addition, age and gender are included to coritnoheterogeneity
and the tendency of specific user groups to bekaw#arly due to their demographic simi-
larities. The robustness tests also include thmmegvhere the user is registered, as an addi-

tional control variable.

7.3.3 Modeling Influence on User Defection

7.3.3.1 Survival Analysis and the Cox Proportional HazardsModel

In survival analysis the impact of time and dedddatovariates on the occurrence of an
event are modeled. This study focuses on the sftdatlifferent covariates on a user’s defec-
tion, i.e. the decision of not returning to theinelsocial community. Therefore, the objective
is to assess the risk or hazard of ending theisaksttip with the online community. To model
duration, survival analysis is pursued by usingoax @gression model, also known as the
Cox proportional hazards model (Cox 1972 ox proportional hazards (PH) models are su-
perior to OLS or logit regressions as one can maseeof censored ddfaand include time-
varying covariates in the analysis (e.g., Allis@d1@; Helsen and Schmittlein 1993; Hosmer,
Lemeshow and May 2008; Kleinbaum and Klein 20086).the analysis, the semi-parametric
Cox regression is used, because it has the adwatitagno a priori determination of the un-
derlying distribution for the time until an eventaors is needed (Allison 2010; Box-
Steffensmeier and Zorn 200%)Thereby, the Cox proportional hazards model isisoland

will closely approximate a correct parametric mofieinbaum and Klein 2005). For this

" The term Cox proportional hazards model is used,f@though the hazards are not always propoitiona
all of the covariates. This study also shows latax the issue of non-proportionality can be appnedc

8 In survival analysis, the observation time is oftempleted before the endpoint is reached fasudljects, i.e.
the survival time is censored in that subjectsisan/to a certain point in time beyond which thetatus is un-
known (SAS Institute 2008). The Cox proportionatdras model (Cox 1972) is able to account for loetin
sored and uncensored data.

"9 parametric models, such as the Weibull, exponlentidog-logistic model were not used for this pose, as
they rely on a priori assumptions of the underlydigjributional form. In the case of unknown distrion of
survival time, Hosmer, Lemeshow and May (2008) sstjtp apply semi-parametric models like the ongina
Cox model applied in this study.
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reason, Cox regression models have been widely insetrketing to investigate effects of
predictors on some kind of event, for example, @ustr churn or purchase timing behavior
(e.g., Bolton 1998; Jain and Vilcassim 1991; Li 398litzan and Libai 2011; Reinartz and
Kumar 2003; Schmitt, Skiera, and van den Bulte 204h den Poel and Lariviere 2004).
The Cox PH model consists of two parts, which dbedhe hazard at timefor an indi-

vidual with a given specification of a set of pidrsX (Kleinbaum and Klein 2005):

(7.5) h(t, X) = hy(t)* Rl

The first term represents the baseline ha#g(t), which is a function of time, but does

not involve the predictor variables. The seconthtghe exponential expression, involves the
predictors, but not time. In this basic form, thegictors X;) are time-independerif

It is possible to include time-varying predictonsthe Cox PH model. This is a valuable
feature, because many of the covariates of intetesige over time. The use of time-varying
variables is important, as averaged variables erldlst available value of an independent
variable can be misleading in their effects on sahtime (Fisher and Lin 1999). Here, time-
varying values of independent variables allow fanare accurate analysis. The basic Cox
PH model can be extended by such variables. Fempilnipose, the counting process method
of input is used to include time-varying repeategasurements in the analysis (SAS Institute
2008; Therneau and Grambsch 2000). In the coumtiinogess format there are multiple re-
cords for each individual, where time-variationtiké predictorsX is taken into account by
determining each time interval with a value forleX¢at this time-intervat being constant
(Allison 2010; Therneau 1996; Therneau and GramB66i0)*

7.3.3.2 Proportionality of Hazards

For the interpretation of the outcome of Cox regi@s models, the hazard ratio is the
measure of effect. It is calculated as the ratithefhazard functions for two individuals, i.e.
the hazard for one individual divided by the haznda different individual. Thus, it de-

8 parameter estimates for the Cox regression modeaitaained by using partial likelihood functioRdease
refer for example to Cox (1972), Hosmer, Lemeshand May (2008), or Kleinbaum and Klein (2005), Fher
neau and Grambsch (2000) for more information atigldikelihood estimations.

81 Each observation describes a semi-closed timé @l Huring which the values of the explanatory ahtés
remain unchanged. Each record also contains trsodag status at T2. The individual remains at deking
that interval, and an event might occur in T2. Aisde and Gill (1982) first elaborated on the caunpirocess
within this context and built the theoretical basisusing this method in survival models. For miofermation
on the analysis using counting process style aftigpe for example Therneau and Grambsch (200De@3AS
User Guide (SAS Institute 2008).
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pends only on the exponential part of the Cox moakelthe baseline hazards will cancel out
(e.g., Box-Steffensmeier and Zorn 2001; Kleinbauna Klein 2005):

ht, X)) _ jpoq-x)
h(t, X )

(7.6)

One critical assumption for Cox regression modglthe proportionality of the hazards
(Hosmer, Lemeshow, and May 2008; Kleinbaum andrKRH05; Therneau and Grambsch
2000). This means that the hazard ratios, e.ginftividualsi andj, do not change. Conse-
guently, the effects of the covariates are to shiét hazard by a factor of proportionality,
while the size of that factor remains constant dirae (Box-Steffensmeier and Zorn 2001).
There are circumstances in which the PH assumpko@s not hold, for example, when the
influence of a predictor may be greater or smaltedifferent points in time. Several authors
have warned that estimating proportional hazardetsom situations where the hazards are,
in fact, not proportional can result in biased @ioefnt estimates and decreased power of sig-
nificance tests (Box-Steffensmeier and Zorn 200dlpReisch and Prentice 1980; Schemper
1992). For example, the effect of a variable tkadtatistically significant but changing over
time may be found to be statistically insignificavtien using conventional techniques (Box-
Steffensmeier, Reiter, and Zorn 2003). Further,amdy the estimates of predictors that vio-
lated the proportionality assumption might be hidmit also the estimates of all other pa-
rameters could be influenced (Box-Steffensmeierzwmmh 2001). This suggests testing if the
proportionality assumption holds for all indepenideariables.

Several approaches are provided in the literatutedt the PH assumption. In this study,
two common statistical tests are used, which haen lwlemonstrated to have good power in
detecting non-proportionality (for a comparisondifferent tests see Ng’andu 1997). It is
tested by using Schoenfeld residuals, as well ras-tlependent covariates, which involve
interaction terms of each of the covariates withraction of time (e.g., Kalbfleisch and Pren-
tice 1980; Kleinbaum and Klein 2005; Ng'andu 19%7First, the scaled Schoenfeld residu-
als are examined (Grambsch and Therneau 1994)hwhkitased on a test proposed by

Schoenfeld (1982). Schoenfeld residuals are defioedvery subject who has an event, with

8 Although graphical inspection of log-log-survivalrves provides a qualitative indication of projmality

or non-proportionality, it is not recommended téeforely on graphical approaches (Box-Steffensmeiel
Zorn 2001). One shortcoming of these graphicaliatains is that they do not consistently and cdlyretiag-
nose instances of non-proportionality, especialyemwconsidering a high number of covariates antiroaous
variables (e.g. Kleinbaum and Klein 2005; Scheni®92). Therefore, more objective statistical apphes are
used to test for proportionality.
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one residual for each of the predictors. Statiktieats for non-proportionality are used,
which are based on these residuals: Harrell's (L886elation test for individual variabfés
as well as calculating Grambsch and Therneau’s4(18bbal test for non-proportionality.
Thereby, a statistically significant test is indiea for non-proportionality?

Second, the Cox model is extended to include tmeraction terms for every independ-
ent variable with some function of time in orderisess the PH assumption (Kleinbaum and
Klein 2005; Ng’andu 1997). Therefore, the basic Gt model can be extended by such

variables:

(7.7) h(t; X) =hy(t)* e§/3.xi+§axigi<t>

While the first part in the exponential term congathe predictors being assessed as main
effect terms, the second part contains productdesfithe predictors with some function of
time g(t). Wald statistics are used for assessing the gignife of time-interaction terms,
when all variables are simultaneously includedrireatended Cox regression model. To fur-
ther test whether the PH assumption is adequieinood ratio tests are used to compare the
model without time-interaction terms with the madéhat include the interaction between
each single covariate with time separately (one-titne), adjusting for the main effects of
the other covariates. For this purpose, the amalyseg(t)=In(t), which is a popular function
of time when considering time-dependent effectg.(eKalbfleisch and Prentice 1980;
Ng’andu 1997 A significant likelihood ratio test is an indicati for non-proportional haz-
ards and therefore time-dependent effects.

Consequently, the hazard ratio for the extendedrégsession model, which is a function

of time, is given as follows (Kleinbaum and Klei(5):

(7.8) HR(t) = ex pzl,e (X] = X)+ féj (X () - X, (t))}

8 If the PH assumption holds for a particular coatarithen the Schoenfeld residuals for that covawiéit not
be related to survival time, i.e. the correlatiothvtime should be near zero (Kleinbaum and Kle€903). Dif-
ferent statistical software packages use diffevanitions of this test. For example, STATA allowsnvesti-
gate the correlation between the scaled Schoerdsiduals (Grambsch and Therneau 1994) for a péatic
covariate and the log of the survival time. Howetkee tests of different programs typically (but atways)
yield similar results (Kleinbaum and Klein 2005).

% For more information on Schoenfeld residuals meager for example to Schoenfeld (1982), Gramiasuh
Therneau (1994), or Hosmer, Lemeshow, and May (R008

% This is consistent with the use of the naturatithm of time in the main analysis, which is désed below.
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This hazard ratio at a particular timesquires the specification of two sets of predito
X" (t) and X(t)at timet. As the hazard ratio is a function of time, thefticient 31 indi-

cates an increase (if positive) or decrease (iatieg) of the hazard ratio with increasing time
(the hazard ratio is not constant). In the tesblvimg time-interaction terms, the hazard ratio
is constant for afl only when the coefficient of the interaction tesmot significant.

The interpretation of an estimated (constant) lthratio of, for example, 1.10 is that the
hazard rate increases by 10% for a unit increasbanndependent variable (Hosmer, Le-
meshow, and May 2008). This is true when the prigual hazards assumption holds and
there are no time-dependent coefficient effectscdees where non-proportionality is ob-

served, the hazard ratio changes over time ané@doh time-intervat, there is a different

hazard ratio. Therefore, the hazard ratio increfsepositive 3].) or decreases (for negative

3j ) with time (SAS Institute 2008). For example, rmadidependent hazard ratio is calculated
as the time-independent coefficient of the covarjats the product of the coefficient of the
time-interaction term of that independent variabha the function of time. The combined

coefficient p, (t):ﬁﬁ’i +3j *g(t) is the actual coefficient of a covariate showingnn

proportionality, which depends not only qﬁh and 3j , but also on time (e.g., Golub and Ste-

unenberg 2007; Kleinbaum and Klein 2005). Notet tha model with proportional hazards,

for a given covariat@ corresponds to the restrictigst) = 3, i.e. that a plot of, (t) versus

time will be a horizontal line (Therneau and Graatb2000).

7.3.3.3 Approaching Non-Proportionality

Different approaches exist to address non-propmatibazards. One often recommended
approach is to use interaction terms of covariatéls time for those covariates that violate
the PH assumption. In addition to their utilizat@s indicators for non-proportionality in PH
assumption tests, these interaction terms are aquatke procedure to incorporate non-
proportional time-dependent effects in situatiorteere this is an issue (Allison 2010; Box-
Steffensmeier and Zorn 2001; Kleinbaum and Klei@20Schemper 1992; Therneau and
Grambsch 2000%° In essence, non-proportionality can be considasedimilar to instances

8 An alternative way of addressing non-proportidyds to stratify the data by the covariate of iet. Under
stratification, the hazard ratios of the remaintogariates are assumed to be constant across swathe base-
line hazards are allowed to be different for edchitsm (e.g., Box-Steffensmeier and Zorn 2001; Kdeum
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where covariate effects change depending on sonee wariable, where in this case the other
variable is time. An additional advantage is tli$ approach allows to explicitly model the
nature of the non-proportionality, resulting in anm accurately specified model and greater
validity in the overall results (Box-Steffensmeisrd Zorn 2001).

Therefore, an extended Cox regression model witle-iependent effects is used for all
analyses in this study. For the hypotheses testsyeht models are specified, which include
the respective time-constant and time-varying dates and the interaction terms with time
for those covariates, which violate the proportlomazards assumption. Consequently, the
models are parameterized with the predictors ef@dt and allow for time-varying covariates

and time-dependent effects when necessat¥;x) = h,(t)exp(3(t)x(t)) (see Hosmer, Le-

meshow, and May 2008}.

As already explained, the interaction with timevas the predictor to vary monotonically
according to some functiogy(t) of time. For non-proportional effects, the funo@b form of
time in the interaction term is important to detarenhow the hazards change. As the appro-
priate function of time could not be determinedrian the analyses are conducted with dif-

ferent time functions to identifg(t) which fits the models best, thereby comparing nwde

incorporatingt, In(t), t%, and Jt as functions of time (e.g., Box-Steffensmeier,t&eiand
Zorn 2003; Kalbfleisch and Prentice 1980; Kleinbaamd Klein 2005). The following analy-
ses usdn(t), because across all models the application(®f as the function of time results
predominantly in better or at least equally gooddaidit (in terms of lower log-likelihood,
AIC and BIC statistics) compared to models withestfunctions of time (a comparison of

the different time function models can be foundppendix 17).

7.3.4 The Online Community Defection Model

The main analyses are basically separated in thoskels. First, the entire cohort is used
as the sample in Model 1. Second, the entire samm@plit in two user groups: a) users who
do not have any contact at any time of the obsenvagieriod (named “Not-Connected Us-
ers”, Model 2), and b) users who have at least argact within the observation period

(named “Connected Users”, Model 3). The ConnectseréJare of particular interest in this

and Klein 2005). The major drawback of stratifieak@egression models is that the impact of theatdei of
interest on the hazard rate is not estimated. Ag#timates for all variables are required tottestiypotheses
in this study, stratified models are not used.

87 Note, that it is differentiated here between tidependent effects (in cases of non-proportionadify) time-
varying covariates (changing values over time) feeexample Therneau 1996).
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study and build the core of the empirical analy$lse reason is that those users are involved
in the online social community and the effect a¢ Hocial context can only be measured for
this user group. They represent the ‘true’ comnmuuagers. However, in online communities

which provide firm-generated content in additionuger-generated content Not-Connected
Users exist, who rather consume content as thegarigvolved in the community. For Not-

Connected Users social network characteristicaar@resent. Due to the fact that the major-
ity of users in the cohort do not have any contaietl thus have zero or missing values in all
network variables, results on the effects of theisdacontext would be biased. However, as
they represent a large number of users in the sgamgsults for some of the variables are also

reported for this user group to investigate sonfferdinces to the community users.

Model 1 investigates the effects of degree and conity engagement on user defection.
It includes degree, active participation level, i in active participation, verified member-
ship, age and gender as independent variables.PFhassumption is tested as described
above. The global test provides strong evidence rtba-proportional effects exist (p<.01).
Further, the test specifically found degree, aghadicipation level, verified membership and
gender to violate the PH assumption. Table 25 sumpsathe results of both covariate-
specific and global tests for non-proportionalifp. address non-proportionality and to better
assess the time-dependent effects of these vagjdhke model is estimated including interac-
tion terms between these covariates and time. &kart of the defection of a useat timet

is thus given as follows:

h(t, x) = h, (t)exp(8,Degree + f3,Participation, + 3,DeltaParticipation,
+ B, VerifiedManbership + 5, Age + B;Gender

+9,Degree * In(t) + J,Participaton, * In(t)

+ d,VerifiedMenbership * In(t) +9,Gendef * In(t))

(7.9)

Model 2 is based on the Not-Connected User grawghyding all community engagement
and control variables, but none of the social netwariables. According to the PH assump-
tion tests, presented in Table 25, active partimpalevel, verified membership and gender

need to be interacted with(t), leading to the following model:
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h(t, x) = h, (t)exp(B,Participation, + 3, DeltaParticipation,
(7.10) + B.VerifiedMenbership + S,Age + S.Gender
+ J,Participation, * In(t) + d,VerifiedMenbership * In(t) + 3,Gender * In(t))

Model 3a is solely based on the Connected Userpgand incorporates the same covari-
ates as Model 1. Further, Model 3b extends ModebyBacluding the whole set of social
network variables to better understand social &fféar this group of users (as it does not
make much sense to estimate those covariates daNoirConnected Users). Model 3b can
thereby be seen as the final model, which includesverall set of all relevant variables, and
is meant to answer the important question of howndividual’'s social context influences
defection behavior. Therefore, the following valesbare added to the model: average degree
of the users’ contacts, betweenness, ego-netwonkitge share of defected contacts, and
similarity in gender, region and distance with arisactive contacts. Again, time-interaction
terms are included for all variables violating tld assumption, namely degree, average de-
gree of contacts, betweenness, ego-network derssitylarity in region and distance, and
gender (PH assumption tests are also presenteabile 25). The complete Model 3b is speci-

fied as:

h(t, x) = h, (t)exp(B,Degree + f,avgContaciDegree + 3,Betweennes
+ SB,EgoNetworbensity, + S.avgSimilaityregion, + S,avgSimilaitydist,
+ f,avgSimilaitygendey + S;ShareDefeted, + S, Participaton,

(7.11) + g, DeltaParticipation, + S, VerifiedMenbership + S3,,Age + S,,Gender
+ J,Degree * In(t) + J,avgContacsDegree * In(t) + J,Betweennes * In(t)
+ J,EgoNetworbPensity, * In(t) + J,avgSimilaityregion, * In(t)
+ J,avgSimilaitydist, * In(t) + 5,Gendey * In(t))
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7.4 Results of Main Analysis

For all analyses STATA'’s stcox command is usedy Wift) as the functional form of the
time-dependent coefficients and Efron (1977) edionafor handling ties. Because there are
a large number of ties in the data, Efron’s appration is more accurate than Breslow
(1974) approximation (Allison 2010). A cutoff tisteold of three months is used for all main
analyses, as described and evaluated above (segptlers of dependent variable “User De-
fection”). For this purpose, the observation windased in the analyses is set to 22 months.
Figure 16 illustrates the relevant observationqeeriThe reason for cutting off the last three
months is that all members who were online aftem@hths would be considered active for
the whole three months past the cutoff date, afhaticannot clearly be determined if they
are active or defected by using the three montbftctiireshold. Defining defection, looking
back from the end of the observation period, coludnh lead to false assumption for the status
of active users in the time span after the cutuishold. Therefore, all observations of users
are excluded which can not definitely be classiiscactive or inactive, considering all users
with login dates past the cutoff date as censoteitheaend of month 22. This makes the

analysis more accurate.

End of Observation Window

Cutoff Date

User 1 ®
User 2
User 3
User 4 ®
User 5
User 6 ®
User 7 ®
User8 —e@

User 9

o

e S L e At
O

>

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25
Month
Last Log-in: @ Defected O Active

X Censored
— Duration of Membership

Figure 16: Study 3 — Description of Observation Wdw and Cutoff Date
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Analysis of the Overall Effects for the Total SangpModel 1 includes degree and the
community engagement variables, and reveals thatah effects are significant and in the
hypothesized direction (see Table 26). A higher beinof contacts reduces the hazard of de-
fection, which supports hypothesis H1. Higher levet active participation and change in
active participation compared to the preceding im®rdre also negatively associated with
defection, resulting in lower hazard rates (H7a & supported). Further, users with a
verified membership status are less likely to defiaeis confirming hypothesis H8.

Although the main effects are significant, the gsial also reveals that the time-
interaction terms are significant, indicating thhé effects of degree, active participation
level and verified membership decrease over tineeaBse of the interaction of these covari-
ates within(t), the estimates of the direct effects can be iné¢ed as the effect of that co-
variate on the hazard of defection in the first thdollowing the registration on the platform
(that is whert=1). In the following months, the main effect is redd by the time-dependent
effect. For example, it is observed that the effdcthe users’ degree, strong in the initial
month after registration, declines as the membgrgloceeds, so that in month 22 of mem-
bership its influence becomes insignificAhEigure 17 shows the development of the hazard
ratios as a function of time for the predictorstthialate the PH assumption. Similarly, the
time-dependent effects of active participation lewred verified membership reduce the main
effect, i.e. the negative impact on the likelihazfddefection decreases over time for those
covariates. While verified membership still haggngicantly negative effect over the entire
length of the observation period, the effect of éleive participation level wanes over time,
so that the effect starts to be insignificant innthol4. Thereby, although the hypotheses are
in general supported, for some variables they balg for a limited period of time. All time-
dependent effects are presented in Figure 17.

8 The combined log(HR) of the main effect and thestidependent effect {8 + 4 *In(t)) - Its standard error is

StdErT.(8 +4 * In(t)) = \/V&r(ﬁ.) +(In(®) % * var@) +2In(t) * cov(3,§) - A pointwise 95%-confidence interval can thus

be obtained by taking the exponent of log(HR)x%9&d.Err.(log(HR)) (Golub and Steunenberg 2007;d?wt
al. 2005).
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Figure 17: Study 3 — Time-Dependent Effects of Mbde
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Analysis of the Engagement Effects for the Not-Cauied UsersModel 2 is based on
the group of Not-Connected Users. Because theytsehow any social network characteris-
tics, the model includes only the community engagreinand control variables. The results,
presented in Table 26, show that the change ineaptrticipation level and a verified mem-
bership have a significantly negative effect onedabn. However, the effect of verified
membership decreases over time, and results aigniiisant for months 7-22. Thus, hy-
potheses H7b is supported while H8 is only suppdide the first 6 months. In contrast to the
findings in Model 1, the main effect of the levélaztive participation is not significant (not
supporting H7a). The overall time-dependent efaan indicates that the impact of active
participation on defection becomes significantlysiige starting in month 10. The time-

dependent hazard ratios are presented in Appeidix 1

Kaplan-Meier Survival Estimates

1.00 4
Users with Contacts (Connected Users)
0.75 -
2
E
5
Qo
g
o 0.50
<
2
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>
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0.25 A
Users without Contacts
(Not-Connected Users)
0.00 ~

1 I I I I 1 I I I I T I I I I T I I I I T I I
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22
Analysis Time

Figure 18: Study 3 — Kaplan-Meier Curves of Differ&/ser Groups

Analysis of the Network and Engagement Effects the Connected User#\s described
above, Connected Users are users who have ableasiontact, and therefore build the base
of the overall online social network. The resultsModel 1 suggest that the number of
friends is very important to retain the users. dotf comparing users without any contacts
with those who have at least one contact demoesttatt Connected Users have an overall
higher survival probability than Not-Connected UWselKaplan-Meier curves representing
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both user groups demonstrate this difference (Eidu®), which is also supported by a sig-
nificant log-rank test® Because the group of Connected Users constithgeswerall social
network of the online community and provides datanetwork positions due to their inter-
connection with other users, this user group ispacific interest to investigate the impact of
the social context on user defection.

First, Model 3a is estimated with the same covesiats in Model 1 for the subsample of
Connected Users. The analysis confirms the findingsy Model 1, except that the non-
proportional effects of active participation lewald verified membership are rather propor-
tional (not violating the PH assumption) in thidssample. However, the active participation
level is slightly not significant over the entirbservation period. In this model H1, H7b and
H8 are supported, while H7a is not supported.

Further, the whole set of social network varialéeadded in the final Model 3b to better
understand the impact of social context on defactio general, Model 3b shows a better
model fit with respect to log-likelihood, AIC, arBIC statistics than Model 3a, suggesting
that the inclusion of social effects helps to lretteplain user defection. Table 26 includes the
results for Models 3a and 3b.

Despite the inclusion of additional covariates, ¢ffects of degree, change in active par-
ticipation and verified membership remain significavith only little change in size com-
pared to Model 3a. This confirms hypotheses H1, Biith H8. The level of active participa-
tion also becomes significant when controlling tlee network variables, supporting H7a. In
addition, all network variables added in Model 3tndicantly impact user defection. The
average number of the active neighbors’ friends &gsositive effect on defection. This
means that the more friends a user’s contacts hbheehigher the probability of defection,
which describes the opposite direction than hypsteel, leading to a reversed effect for hy-
pothesis H2. Higher levels of betweenness and etwenk density significantly reduce the
hazards of defection, which support H3 and H4. Harta higher share of defected contacts
greatly increases the hazards of defection foCiienected Users (supporting H6).

While the average distance between the focal usthes contacts is positively associated
with a higher hazard rate (supporting H5b), theaotpf similarity in region and in gender
on defection provides some surprising results. @oynto the hypotheses, the hazard rates in
Model 3b show that a higher share of contacts ftleensame region and of the same gender
increases the hazards of defection. This would nifegnusers with more contacts from other

8 Kaplan-Meier curves represent graphically thenestizd survival probability at given points in tinf@r more
information on Kaplan-Meier curves please referdgample to Kleinbaum and Klein (2005).
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regions and more contacts of the other gender wstalgl longer. As this is counter-intuitive
to some degree at first glance, further investigatvith those covariates is pursued later in
this study to get additional insights about the$eces (see below in chapter 7.3.5).

With respect to non-proportionality, the effectsdefgree, average degree of active con-
tacts, betweenness, ego-network density, similafiggctive contacts in region, and similarity
of active contacts in distance are reduced oveg,tivhich is indicated by the significant ef-
fects of the time-interaction terms. Figure 19 skhdhe development of effects over time.
Degree, betweenness, and ego-network density betimkarly. In the beginning, higher
levels of those predictors show a stronger negatfext on defection, i.e. reducing the haz-
ards of becoming inactive. Towards the end of theeovation window some effects even
turn insignificant. Interesting to see is that betwness is a more stable influencing factor of
defection than degree or ego-network density. Wbhdawveenness stays significant through
the whole observation period, degree becomes iifisignt starting in month 19, and ego-
network density turns insignificant already in ntoft For average degree of active contacts,
similarity of active contacts in region, and simithia of active contacts in distance the posi-
tive effects diminish over time. Here, the positiagact of similarity in distance is signifi-
cant across all months, while similarity in regisronly significant up to month 12, and the

degree of the active contacts turns insignificamhbnth 19.
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Figure 19: Study 3 — Time-Dependent Effects of V8de
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7.4.1 Further Analysis on the Effect of Similarity

The analysis of the Connected User group indictiatsthe effects of similarity with re-
spect to region and gender are in the oppositetdire than hypothesized (H5a and H5c).
The hypotheses stated that a higher share of dentatt) the same characteristics would lead
to higher group identification and higher loyaltyantions, which is supported by social the-
ory (e.g., McPherson, Smith-Lovin, and Cook 20(H9wever, the specific context of this
study might lead to higher loyalty and usage fondge-integrated groups and groups with
people from different regions. Therefore, it shobh&ltested if there is a non-linear relation-
ship between similarity in region and in gender angser’s defection. One way of examining
the extent of non-linearity is to use indicator (rmmy) variables, where each dummy
represents a different group by describing a aemange of values for an independent vari-
able (see for example Collett 2003 for non-lingatéisting in survival analysis). For this pur-
pose, three groups of users are defined for eacitasity measure: users with high, medium,
and low average similarity with their active corntaclhese three groups are defined as O-
33% (low), 33-66% (medium) and 66-100% (high) ofitacts sharing the same geographical
or gender related characteristics. For examplasusiethe low similarity group for gender
have less than 33% of contacts with the same gexgddrey are. Overall, for gender similar-
ity 39% of the users are in the low, 40% in the mex] and 21% in the high similarity group.
With respect to region similarity, 32% are in tlogv] 9% are in the medium and 59% are in
the high similarity group.

An additional Cox PH model (Model 3c) is specified¢luding two of the described
group dummy variables for each similarity measuegipn and gender), instead of the con-
tinuous similarity variables. The new model is praged in Table 27. The results show that
the group of users with low similarity in genderedmot show a significantly different hazard
rate than users with a good mix of contacts withghme and the opposite gender (medium
group). But, having a high share of contacts whith $ame gender increases the hazard of de-
fection significantly. The latter confirms the finds from Model 3b at least when comparing
the effects to the high similarity group in gender.

In the same manner, the low and high similarityugrevith respect to the user’s region
are compared to the medium group and show thatHhigthand low geographical similarity
leads to a lower hazard of defection, suggestimgeskind of u-shaped relationship between
geographical similarity and defection. Figure 2€oajraphically illustrates the comparison of

group effects. The results are discussed below.
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Model 3c

Connected Users - Full
Covariates HR Coef. SE p
Main Effects of Covariates
Degree (Active Contacts) 0.971 -0.030 0.008 0.000 ***
Avg. Degree of Active Contacts 1.002 0.002 0.000 0.000 ***
Betweenness (Active Contacts) 0.905 -0.100 0.022 0.000 ***
Ego-Network Density (Active Contacts) 0.804 -0.218 0.124 0.079 *
Similarity (Active Contacts) - Gender - Low Similarity 1.046 0.045 0.103 0.663
Similarity (Active Contacts) - Gender - High Similarity 1.372 0.316 0.102 0.002 ***
Similarity (Active Contacts) - Region - Low Similarity 0.209 -1.568 0.266 0.000 ***
Similarity (Active Contacts) - Region - High Similarity 0.749 -0.289 0.116 0.012 **
Similarity (Active Contacts) - Distance 1.011 0.011 0.002 0.000 ***
Share of Inactive Contacts 2.031 0.709 0.153 0.000 ***
Active Participation Level 0.997 -0.003 0.002 0.106
Active Participation Delta 0.997 -0.003 0.001 0.018 **
Verified Membership 0.651 -0.430 0.100 0.000 ***
Age 1.007 0.007 0.006 0.267
Gender 0.620 -0.479 0.198 0.016 **
Time-dependent Effects of Covariates
Degree (Active Contacts) xgt) ?  1.010 0.010 0.003 0.000 ***
Avg. Degree of Active Contacts x g(t) 0.999 -0.001 0.000 0.001 ***
Betweenness (Active Contacts) x g(t) 1.024 0.024 0.008 0.005 ***
Ego-Network Density (Active Contacts) x g(t) - - - -
Similarity (Active Contacts) - Gender - Low Similarity x g(t) - - - -
Similarity (Active Contacts) - Gender - High Similarity x g(t) - - - -
Similarity (Active Contacts) - Region - Low Similarity x g(t) 1.476 0.389 0.103 0.000 **
Similarity (Active Contacts) - Region - High Similarity x g(t) - - - -
Similarity (Active Contacts) - Distance x g(t) 0.998 -0.002 0.001 0.047 **
Share of Inactive Contacts x g(t) - - - -
Active Participation Level x g(t) - - - -
Active Participation Delta x g(t) - - - -
Verified Membership x g(t) - - - -
Age x g(t) - - - -
Gender X g(t) 1.240 0.215 0.082 0.008 ***
Subjects 1488
Failures 2874
Observations 24367
Log-Likelihood -5874
AIC 11791
BIC 11961

< 01, ** p<.05, * p<.10

Note: HR=Hazard Ratio; Coef.=Coefficient; SE=Standard Error; p=p-value
1) time-dependent effects are only included for variables with non-proportional hazards, indicated by PH
assumption tests; PH assumption tests executed for each model seperately;

time-dependent effects calculated as interaction terms of icovariates with a function of time g(t)

2) g(H)=In(t)

Table 27: Study 3 — Cox Regression Model with Nioedr Effects of Similarity
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Figure 20: Study 3 — Non-Linear Effects of Simthari

7.4.2 Verification of Results

In order to test the robustness of the resultsitiaddl analyses are pursued, which are
presented in the following section. The resultalbfadditional analyses in this context are
presented in Appendix 16-20. Overall, the findifrgen the main analyses are confirmed by
the verification tests. Although minor differencgspear across all robustness tests, most re-
sults are similar to the ones gained in the maalyaes. In the verification tests, differences
in the results for the main variables of the egtwoek structure and community engagement

are discussed.

Cutoff Threshold.First, the stability of the main results is teswith respect to the se-
lected cutoff threshold for user defection. Rementbat a cutoff threshold of three months
was chosen because of the best results for classgifctive and defected users correctly.
Here, the main analyses are executed again with fous, five, and six months as cutoff
thresholds. This means that the identification s$rudefection is determined differently, ac-

cording to the last login date before the respectiumber of months. All users having
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logged-in after the cutoff date are censored aiftuthe results of the four additional models
using the sample and variables of Models 1, 2 dndr8 compared with the results described
in the main analyses above. It is shown that theifstance levels and hazard rates are pre-
dominantly confirmed by this analysis. The onlyfeliénces are that in Model 3b the main
effect of participation level becomes insignificdot two of the four alternative models, and
the time-dependent effect for ego-network densitiyat existent for three of the four alterna-
tive cutoff thresholds. The latter suggests thangus higher number of censored subjects
leads to a rather stable proportional hazard rateefjo-network density. However, as the
number of uncensored observations increases wathetigth of the used observation period,
the parameter estimates should be more precideeimbdels with low cutoff values due to
the gain in information (Helsen and Schmittlein 3p%verall, this comparison of different
cutoff models confirms the results for the hypo#setests. See Appendix 16 for the Models
1, 2 and 3b with different cutoff dates.

Function of Time. A second set of analyses is conducted for chedkiagobustness of
the results in cases of different time-functigif§ for inclusion of the time-dependent effects.
As the appropriate function of time could not béed®ined a priori based on theoretical con-
siderations, it is recommended to try differingnsormations of time as a test of robustness

(Box-Steffensmeier, Reiter, and Zorn 2003). Model2 and 3b are estimated for the follow-

ing functions of timet, In(t), t?, and v/t .*® The comparison reveals that the models it
are predominantly better, or at least equally asdgaith respect to log-likelihood, AIC and
BIC statistics. The results of using different tifia@ctions in the models are similar with re-
spect to the significance levels and directionghef coefficients, though the functional form
of the effects of the time-dependent coefficienifées. The only differences are that in
Model 3b the effect of active participation leveldlightly insignificant for two of the four
models, and in Model 2 the time-dependent effeatenified membership is insignificant for
two of the three models, though the main effectil$ significantly negative. Appendix 17
compares the models with respect to different fonst of time. Overall, the results for the

hypotheses tests are confirmed by this robustriesskc

Validation Sample.In the next test, a second cohort is used to alittze results. All
analyses are executed again with users who registerDecember 2008 — one month after

% Model 2 is only estimated for g(f)3n(t), and\/f , because STATA was not able to estimate the model co
taining interaction terms of the independent vdeisland .
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the first cohort. Cohort 2 includes 5,497 subjetith 17% censored cases, and the average
lifetime across Cohort 2 is 9.24 months. Becausectinsistency between the two cohorts is
high, validation by the second cohort is assumedetadequate. Appendix 18 shows the re-
sults of Cohort 2. Compared to Cohort 1, most tesate confirmed. However, there are
some differing effects, which are described infti®wing. In Model 1, the effects for active
participation level are not time-dependent (fuligl the PH assumption), and thus more sta-
ble over time. In Model 2, both main and time-degent effects of participation level are in-
significant, while the effect of the delta partiaffpn measure on defection is time-dependent.
In Model 3b, the effects of similarity in genderdaactive participation level differ compared
to Cohort 1. Similarity in gender is not signifitan the validation sample, though the effect
is still in the same direction. The effect of thative participation level is positive in the be-
ginning, indicating that higher levels of partidiipa lead to a higher hazard of defection.
However, this effect changes over time. In factyam the first two months is there a signifi-
cantly positive effect, which turns significanthggmative in month 9 and stays negative after-
wards. An explanation for this cohort could be thatv users are active and try out the online
community in the beginning, but when their needsrast satisfied they leave. Users whose
needs are fulfilled stay in the community and ther@rthey invest in terms of participation at
later stages, the longer they tend to stay. Thegefbis partly confirms the results for active
participation in Cohort 1. Furthermore, the two adé differ in some of the time-dependent
effects. In Model 3b of Cohort 2, there is a tinependent effect of verified membership,
which is consistent with Models 1 and 2. On thesotide, betweenness, average degree of
contacts and similarity in region do not violate fH assumption and are therefore estimated
as being stable over time. Overall, because tlad ¢bfiects are very similar, most results are
confirmed. However, after taking Cohort 2 into ddesation, similarity in gender and par-

ticipation level do not show consistent resultoasrthe two samples.

Stratification by User Groupln order to check the validity of the results obdél 3b, a
stratified model with the total sample of usergested which also includes the network vari-
ables. For this purpose, all variables from ModelaBe used in Model 1, but the model is
stratified by a binary user group variable, indiegtConnected Users or Not-Connected Us-
ers, in order to control for the effects of theugrs. The stratified model yields similar results
as Model 3b. (see Appendix 19)
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Active Participation.Additionally, Models 1, 2, and 3b are re-specifigith a binary par-
ticipation variable, which has the value 1 whensaruyparticipated at all in the respective
month (participation > 0), and value zero otherwikge effects for the new variable are very
similar to the participation level effects. In MadEe the effect of the binary participation
variable is significantly negative over the entiteservation period. In Model 2, the main ef-
fect is still insignificant (as in the model of tieain analysis) and the total effect becomes
significantly positive from month 3 onwardsin Model 3b, the effect of active participation
(as a binary variable) is insignificant until morthbut becomes significantly negative (low-
ering the likelihood of defection) in all subsequeronths. This mainly underlines the find-

ings for active participation level. (see Appeng®

Degree.Further, it is checked for the robustness of #wsilts by using different covari-
ates. One model is estimated with the logarithmangformation of degree (In(degree+1))
rather than the original degree measure, in omeeduce the variance of the variable. How-
ever, a transformation of degree leads to a higrelation with the employed betweenness
covariate in the main Model 3b, which should beid®d in the regression analysis. Addi-
tionally, the hazard rate of degree is easier terpret when using the untransformed meas-
ure. Realizing these disadvantages, the additianalysis is only pursued as a robustness
test. Overall, the results from Model 1 and Modelcan be confirmed. The effect of the
transformed degree variable is constant and n@-tependent in Model 3b, therefore it be-

comes more stable in the full model. (see Appeadix

Region.All models are also run with region as an addaiaontrol variable. Because the
location could have an impact on the behavior efrsige.g., Reinartz and Kumar 2003) due
to a higher choice of leisure time events in higipydation density areas, the Cox regression
models are stratified by the user’s region to adnfor such potential effects. All models
show similar main effects compared to the main nwdehe only exceptions are the insig-
nificance of the time-dependent effect of verifradmbership in model 2 and of the main ef-

fect of active participation level in Model 3b. ésAppendix 20)

Influential Users. There appeared to be outliers and influential {goin the model data
set, but further evaluation of these points revicale apparent error in calculation or collec-
tion of these values. In the main analyses it shtel avoided to reject outliers, because the

data represents the entire Cohort population irothime community of users who signed-up

L Total effects can be calculated from the mainatfand time-dependent effects. See also cha&:. 7.
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in November 2008. This also includes users withenextreme values, but represents the true
sample. Nevertheless, to test for the robustneBBela analyses (SAS Institute 2008; Ther-
neau and Grambsch 2000) are used to identify inflakusers in the data sétUsers with an
influence greater than 10% of the standard erranycovariate of the models are considered
as rather influential® An appropriate way to evaluate influential poiigtso contrast the ef-
fects of the main analysis with the data withowg ttientified outliers (e.g., Collett 2003).
Removal of these most influential points for eaabdel results in similar effects compared to
the main models. The change of active participati@ita measure) becomes insignificant in
Models 1 and 3b, and there is no time-dependeattedff active participation level in Model
2. Though all other effects stayed significant aial not change much in size. As the main
focus of this study is to investigate the effedtshe social context, this is regarded as a mi-
nor issue. Overall, the results underline the smélience of outliers and confirm the deci-
sion to leave these points in the modeling datacsedpresent the natural variation that could

occur in the online community user base. (see Appez0)

7.5 Discussion

As there are a large number of different onlineaaammmunities in the market and this
market becomes more saturated, the task of retptheir users becomes more important for
community operators. As in many non-contractudirsgs, users might defect at some point
in time and do not return to the platform withouwtifying the operator. To better understand
which factors influence user defection, differenbdels are used to test for the effects of
network position, network configuration and comntyr@ngagement on the length of mem-
bership. Since online communities are a social pim&amon, this study is particularly focused
on the social effects within these communities.t Pesearch has already demonstrated the
significant role social contacts can take in pradcadoption (Katona, Zubcsek, and Sarvary
2011) and customer retention (Nitzan and Libai 20This research extends past studies by
including a more comprehensive set of network e representing the composition of the
users’ social networks. It is the first study colag@ion social effects and retention in the con-

text of online communities.

92 DFBeta analysis specifies the approximate chaimgée parameter estimates - [3(,-)) when thgth observa-

tion is omitted (SAS Institute 2008). These varmabhre useful in assessing local influence.
% Therneau and Grambsch (2000) even state that BRB#ies of less than one third of the covariatesi-
dard error are of only little influence.
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7.5.1 Network Effects

The inclusion of social network characteristicstlud individual users shows a superior
model fit compared to the model without social efffe This emphasizes the value of social
effects and its impact on customer behavior, wisgpports recent findings (e.g., Katona,
Zubcsek, and Sarvary 2011; Nitzan and Libai 20Th)s study demonstrates that the con-
figuration of a user’s social network in an onlc@mmunity significantly impacts the length
of membership. Network variables with significaffeets are degree, average degree of the
user’s contacts, betweenness centrality, ego-n&twensity, similarity in region, distance

and gender, and the share of defected contacts.

Network Position.Overall, the results provide support for the intpzEfadegree, between-
ness centrality and ego-network density on thdiliked to defect. Higher levels of those
variables suggest a lower hazard to leave thegphatfFor the user’s degree, this is in con-
trast to the findings of Nitzan and Libai (2011navshow in a contractual context of mobile
phone users that a higher number of neighborsaseethe hazard of churn. In this study’s
analysis, a larger, more connected network isedl&d longer membership duration. Addi-
tionally, if the user has a high betweennessai@entral position that connects different users
as a “broker”, this important position also reduttess hazard of defection. The argument that
more social capital leads to higher loyalty expatihe influence of degree and betweenness
in this context. Having access to more sourcesifoirination and social support keeps the
users longer on the platform. Further, a closelyneated circle of friends, which constitutes
strong ties and a cohesive group of people, ineseti®e likelihood to stay. This underlines
the network closure argument (e.g., Burt 2000, @ale 1988), that cohesive subgroups can
develop identities and trust which lead to strortges towards one’s contacts. Contrary to the
hypothesis, the degree of active contacts posjtigdects the defection of users. Despite the
decline of the effect over time, it suggests tlattacts with a higher degree might have lim-
ited time to interact with all of their contactshieh results in limited attention per contact
(Katona, Zubcsek, and Sarvary 2011).

Time Effects.An interesting finding of the analysis is that ®oaf the investigated effects
are time-dependent and decrease over time. Thetlebyempirical study demonstrates the
benefits of exploring non-proportionality in surahanalysis. Here, the effects of degree, av-
erage degree of contacts, betweenness, and egorkatensity depend on time. In the be-

ginning, the effects are stronger, but they deerea®r time and in some instances even be-
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come insignificant at some point. In the first mMw)tit is important to have many contacts
who themselves are not connected to many otherbaia closed group of friends. Getting
attention from other users and identifying with raup leads to higher loyalty because the
user is able to discover the benefits of the comtywuAt later times of membership, other
factors play a more important role. For example,dbtivity of one’s contacts on the platform
and interaction with the focal user (e.g., Butl®02), as well as versatile information from
different sources through brokerage (e.g., BurtO2@ranovetter 1973) could constitute im-
portant factors to keep the community attractivéatdr stages of membership. The latter is
supported by the fact that betweenness is signifitroughout the observation period.
Therefore, the commitment in the first months ischntiigher when making new friends and
communicating over the platform rather than atrlatages in time, which could impact the

effect to wane over time.

Similarity. The constitution of the network of active contadtsterms of how similar
they are compared to the focal user, reveals istiegeresults. Social theories often state that
higher levels of homophily are associated withregey ties, which leads to more interaction
with other individuals (Granovetter 1973; McPhersBmith-Lovin, and Cook 2001). Simi-
larity with a defected neighbor also leads to dargisk of churn for the focal customer (Nit-
zan and Libai 2011). The analyses in the presenmtyssuggest non-linear effects of geo-
graphical and gender-related similarity in relatioruser defection. The reason might be that
high similarity could also induce a negative reatwith social capital, because the exchange
of new ideas, information and values can be limitetighly similar groups. Less similarity
should, therefore, mean greater exposure to a watege of ideas. At the same time, how-
ever, higher similarity may also improve communmat which could also result in curvilin-
ear relationships (e.g., Borgatti, Jones, and Ev&g98).

Users with a high share of contacts of the saméeayeshow a significantly higher hazard
of defection compared to users with a more gendimised social network (medium group).
On the other hand, users with a low share of césmiaicthe same gender do not significantly
differ in their hazard to defect compared to thersisn the medium group. The reason could
be the specific context of the community, whereraseme together in the community for
leisure time events and get to know other peopéeaBse of the topic of the online commu-
nity in this study, one could assume that a midiffierent people in the circle of online
friends would be more promising to get versatileoimation for the focal user. Further,

cross-gender friendships are also related to seattraction, important in young adulthood
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(e.g., Halatsis and Christakis 2009; Reeder 200hich might be a reason for shorter mem-
bership duration when interaction only occurs wibimtacts of the same gender.

In addition, there is also a non-linear effect iohikarity in region on user defection. In
fact, users with a good mix of contacts from vasioegions (medium group: 33-66% of con-
tacts from the same region) are more likely to clefean users with few or many contacts
from the same region. This is rather surprisingnfi@ social capital perspective, as users with
both closer and more distant ties would be assumdthve access to different information
sources. The hazard rates even indicate that wsdrdew contacts from the same region
have a lower hazard of defection than users withym@ntacts in the same region (though
not significantly different). One explanation ofdleffect could be that users with few friends
in the same region use the platform to stay inadnwith people they do not frequently meet
offline, therefore online communication is the chainof choice to keep in touch with distant
ties. Those connections increase the users’ soaftal as they give access to information
sources not permanently available in the offlineld;athus having ties to users of other re-
gions might be of specific value. Because users ae many contacts in the same region
are less likely to defect as well, it could be sagga that they can identify more with the
community, as they see each other offline, straargtty the ties to those people online as
well, and build a more cohesive group of friendbn@ compared to the medium group. This
underlines that there exist contrasting social tehjpenefits of information access and soli-
darity in a close group (Adler and Kwon 2002). Tusers in the medium group might be
“stuck in the middle”, i.e. they neither benefitoaigh from connecting with distant friends
nor build a cohesive network of close friends. Hearefurther research would be required to
gain more insights on why certain groups are l&stylto defect.

With respect to geographical distance, a largeramee distance between the focal user
and his contacts has a positive impact on userctiefe When considering that users with
few contacts from the same region stay longergeffext of distance would recommend that
the distance to users from other regions shoulcatseer low. If the contact is too far away,
i.e. the tie to this contact is rather weak, therukes not stay in the community.

Defected ContactsThe results confirm recent findings, that a highmber of defected
contacts increases customer churn (Nitzan and 2i@al). Particularly, this study looked at
the share of defected contacts in the total grduprect contacts of a user. A higher share of
defected contacts is strongly associated with arease in that user's hazard of defection.
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This underlines the importance of social effectd aallective behavior (Granovetter 1978),

and raises the urgency to retain users, as theygirimpact their neighbors.

7.5.2 Community Engagement Effects

Participation. Both the level of active participation and the ajpawof active participation
compared to the preceding months have a negatiget &n defection. Although active par-
ticipation is not significant in some of the (varétion test) models, it is often only slightly
insignificant, thus still indicating that higherrgiaipation is important to keep the users on
the platform. This is contrary to the findings ot2én and Libai (2011), who showed that in
a contractual setting higher usage leads to a higaeard of defection. However, it under-
lines previous findings in online community reséarihat participation positively influences
loyalty (e.g., Algesheimer, Dholakia and Herrma®2, Casalo et al 2007; Woisetschlae-
ger, Hartleb and Blut 2008). In this study, inteéi@t with the community reinforces and
strengthens ties in the network. In paid serviedgre interactions generate costs as in tele-
communications, the economic benefits of changioyiders could be the reason for defec-
tion of highly active customers. Further, seen agnaicator for satisfaction (Bolton and
Lemon 1999), change in participation level alsoficors the positive influence of satisfac-
tion on duration.

In addition, the results show that the effect oftipgoation level is time-dependent in
some of the analyzed models. When comparing thegrseps, the impact of participation
on defection is negative for the group of Connedisdrs. However, it is slightly positive in
the validation sample in the first three monthsisTduggests that Connected Users who try
out the community in the beginning and whose negdsot satisfied leave the community
immediately, while established users value therattiton with their contacts, which keeps
them using the platform. Because the effect becmigesficantly negative after some time, it
is then in line with the hypotheses for at leastpaf the observation period.

For Not-Connected Users this effect is in the @feodirection, largely insignificant in
the beginning, but turning positively significaritaalater stage. A reason for the positive ef-
fect might be that users without friends try teenaict with the community, but without formal
friendships there is no social capital, which resuh dissatisfaction. Therefore, the users
might leave when dissatisfied with the communitkisTis supported by the effect of change

in participation on defection.
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Verified MembershipHaving a verified membership results in a lowerardzo defect.
While for Connected Users this effect is more &ailer time, for Not-Connected Users it
wanes shortly after registration. A verified mendb@p thus implicates a higher commitment
and trust in the platform, especially in the begignof the membership. Thus, commitment
and trust can be important factors for loyalty, st be nurtured over time, to keep this ef-

fect alive.

7.6 Managerial Implications

The knowledge about the social effects on userctiefedeveloped in this study can help
community operators to identify measures to fadiituser retention. Marketing managers
should develop tools integrating the temporal dyiearof users’ behavior and users’ social
networks in order to predict a user’s risk of terating the relationship with the community.
Because behavioral and network data are easilyaim@ifor community operators, those
measures provide an efficient way to identify useits a higher risk of leaving the commu-
nity. Thereby, resources should be spent more tefédg on those users who provide high
value for the community (e.g., through content dbations or page impressions) and who
are more likely to stay or return, rather than siseno are not willing to become loyal at all
or "whose time has come".

Because users with at least one contact stay langee online community, one specific
goal is the establishment of social ties with othsers, especially in the first month of the
membership. Specifically in communities with bottert and firm-generated content, users
should be introduced to other members and disauggioups to demonstrate the value of
connecting and interacting with other people. Banaple, this can be done on the landing
page after the user logged in to immediately irdBgnew users into the community. After
the users have built online social networks ofisight size, the operator can help to improve
these networks by automatic recommendations ompéhsonalized home page of each user,
suggesting users who are outside the close cioflésends to increase betweenness and us-
ers who are already friends of one’s contacts toegse ego-network density. Further, the
system should not recommend users who already &daege number of contacts, as these
users are limited in their time available to inttnaith all of their contacts.

Although this study takes only one community intmsideration, there are interesting

time-dependent effects which give an indicationwbich factors are more important along
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the timeline. Because the effect of ego-networksdgrwanes over time, network closeness
should be promoted in the early months of membprshtonnect with the contacts’ friends,

while betweenness shows a negative effect througiheuobservation period, so that more
distant friends should be recommended later in.timeaddition, new friendships should be
recommended to users with a lower number of comtaurticularly in early stages of the
membership. The timeframe of the effects might ifferént for other communities, depend-
ing on the length of the life cycle. Neverthelessch effects can occur in any similar the-
matic or regional online community with limited wdige cycles. Therefore, community op-

erators should investigate social effects and Hmy tlevelop over time to be able to identify
the right measures at the right time to retainrthsers.

Another aspect relevant for automatic recommendatio connect with other users is
their similarity in region, distance and gendereTimdings show that users with few friends
in the same regions stay longer. Therefore, uderald connect with users from other re-
gions. However, because users in the medium graup h higher hazard of defection, they
need to be directed out of this “stuck in the medgilosition. Because the results also suggest
that a higher average distance between the usdrtham contacts results in lower member-
ship duration, users from regions close to thelfasar’'s region should be recommended,
possibly even to regions the user is already reélaiehrough existing contacts of his friend
list. With respect to gender, the system shouldigoon recommendations to connect with
users of the opposite gender, especially for usglrsmany same-gender friendships.

To keep the rate of defected users low, it is atgmortant to stimulate user participation.
On the personalized home page it could be recometktwdreconnect and interact with con-
tacts that have been less active in the past. @rhand, this can increase the overall partici-
pation; on the other hand, this could also decréeseisk that the focal user’s contacts defect
as they are potentially involved in interactionttimecreases their likelihood to stay. This way,
the share of defected users could potentially bkeiaed. Further, if contacts defected, this
should not explicitly be communicated to the ugemade visible. If the user does not realize
that his friends, or at least part of his friendisfected, the own decision making of staying or
leaving would be less influenced and the threslodldollective behavior to leave would be
kept artificially at a lower level. However, theposure to a high number of defectors is an
important information community operators should tsapproach users at risk to defect.

Further, some users do not ever stay loyal to dmencunity. They register out of specific
needs, which might by the consumption of certaforimation in the community and leave

the community thereafter. However, in traditionattisigs it has been suggested that custom-
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ers who bought more recently and who already stdgea longer time with the firm are
more likely to become customers again (e.g., Thomkstberg, and Fox 2004). Therefore,
users who participated more in the past and marently should also be more likely to use
the community in the future. This is partly suppdrby the negative impact of active partici-
pation level and change of active participatioruser defection. However, as there are users
who defect, their recapturing should also be oncttramunity operator’'s agenda. Thus, the
operator should focus first on defected users wihgesl with the community for a longer
time, participated to a higher degree in the pasd, who had many friends in the community
to convince them to return to the community. Otlgrs, without any participation, low visit
frequency and short membership duration, woulddss important to spend reacquisition
dollars on.

Offline events could also be used to facilitate ithentification and connection with more
users, with users from other regions, and withsuséthe opposite gender. Inviting recently
defected users and communication with those usensl tielp to recapture them as commu-
nity members. At least the community operator ¢grid understand the specific reasons of
defected users better when they approach thenedativation.

Another way to keep not only Connected Users, [ asers without contacts using the
platform is to provide high quality content and Higalue interaction with other users. For
example, invitations to discussion groups coulg el stimulate participation and increase
satisfaction with the community. Because ‘a shifet tan also be due to user dissatisfaction,
the community operator should make efforts to Batisers during the entire life cycle, in the
phases of user acquisition, introduction to the rmomity, customer service, and information
and interaction provided on the platform.

In addition, promoting verified memberships canphiel establish a stronger tie between
the user and the community as a whole and increa®enitment and trust. Because verified
members, particularly of the Connected Users grbape a lower hazard of defection, the
operator should provide incentives to become digdrmember. This could include access to
high quality content, interactive games and raffsadditional functionality. Because the
effect of verified membership becomes insignificenmtNot-Connected Users over time, it is
important to promote the added value of such a neeshitp in the beginning, but keep the
value throughout the membership so that the effees not wane over time.

Overall, the current study can help to identify sweas for community operators to retain

current users, convert short-life users into lafgdsers, and recapture users.
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7.7 Limitations and Future Research

This study particularly gained deeper insights o éffects of individual social contexts
in online communities on users’ membership duratidthough the results are insightful and
have interesting theoretical and managerial impboa, this research comes with limitations.

This study uses data collected by the communityaipeon user characteristics and be-
havior in the online community. However, the insityreasons why users defected are not
completely clear. Therefore, information on usertivation to leave the community could
provide additional insights on user defection. Reseathe focus is set on the impact of the
social context on user defection, objective meastwe the group of Connected Users are
highlighted in this study. Attitudinal measurestthgpresent the relational and cognitive di-
mension of social capital could enhance the unadeditg of those users defection behavior.
Consequently, it is suggested to test a largeofsebvariates relevant for all user groups in
future studies. Though, it is challenging to cdileangitudinal data on the users’ attitudes
over the course of several months or years.

Although active user participation is included I tcurrent study, passive user behavior
could also affect the hazard of defection. Theesfadditional behavioral variables could
help to gain more information on the effects of thembers’ past behavior on defection. For
example, the number of logins or page impressianidcbe included in future studies. This
might also help to shed some more light on thecesfef user behavior of the Not-Connected
User group.

Data is used from one specific online communityjclvhis regionally organized and fo-
cused on such broad topics as leisure time evedtg@tertainment. In order to test the valid-
ity of the social effects found here, different égpof online communities could be investi-
gated and compared to each other. In additiors unknown how many and which other
online communities the members of the observechentommunity actively use. Being a
member of other online communities could signifitannfluence the decision to churn.
Therefore, community external factors could alsaddevant in assessing the risk of defec-

tion.
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8 Conclusion — The Influence of Acquisition, Structue, and

Attitudes on User Behavior in Online Social Commurties

Online social communities have gained significatgrdgion from marketing scholars and
practitioners in recent years. This interest isugaed in the many opportunities these online
venues provide for customer research and its’ piaileio generate economic outcomes. With
several hundred million users gathering in onlimemmunities, exchanging information,
knowledge, ideas, and social support, there isea te better understand why users partici-
pate in these networks. In order to ensure the-teng success, a sufficient number of users
are needed, who interact on the platform and dgtis@ntribute content to the online social
community. Although a large body of literature deped over the past two decades, which
investigated the predictors and outcomes of comiyyarticipation, several research gaps
still exist. This dissertation contributes to théséng marketing and online community litera-
ture by revealing new insights in how users arki@rfced in their participation behavior and
attitudes towards the community. The social stmattcontext in which relationships and in-
teraction occur is of specific interest. To test #ffects of structural, attitudinal and other
relevant factors on online community participateomd user perceptions, an empirical study
was conducted. The empirical study includes thoeeid areas that each describe a specific
point in the membership development process, atlwbommunity operators can intervene
in order to manage community participation betted ancrease the attractiveness of the
online community. These three stages include theiaition of users, the activation of users,
and the retention of users. In this chapter, theetlstudies are summarized and the main re-
sults are discussed in the overall context ofdigsertation.

8.1 Summary of the Empirical Studies

Table 28 provides an overview of the three stuthes are embedded in the overall em-
pirical investigation of this dissertation, desantp their main characteristics, methodology,

and findings’* The main results of the three studies are brigfasented in the following.

% A detailed presentation and discussion of theissuand its results are presented in chapterafd6 .
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Study Dependent Variable(s) Antecedents Moderators / Methodology
Mediators
User Satisfaction, Acquisition Channels: Mediators: Survey and
Acquisition  |dentification, a) Marketing Channel - WOM  Social Interaction Objective Data,
(Study 1) Participation (active, vs. Personal Selling Value, ANCOVAs / Multiple-
passive, frequency of use), b) WOM Channel - Information Mediator
WOM intention, Offline vs. Online WOM Consumption Value ~ Regressions
WOM provision (offline,
online)
User Active User Participation Degree, Moderator: Survey and
Activation Betweenness, Networkers vs. Non-  Objective Data,
(Study 2) Ego-Network Density, Networkers (user Zero-Inflated
Share of Real-World Friends, 9roups based on Negative Binomial
' ial i i Count Data) Model
Identification, social interaction ( )
. . value)
Reciprocity,
Satisfaction,
Tenure
User User Defection Degree, Group Comparison:  Objective Data,
Retention Average Degree of Contacts, Users with contacts  Survival Analysis -
(Study 3) Betweenness, vs. users without Cox Proportional

Ego-Network Density,
Similarity (gender, region,
distance),

Share of Defected Contacts,
Participation Level,

Change in Participation,
Verified Membership

contacts

Hazards Model

Table 28: Overview of the three Empirical Studiethes Dissertation

User Acquisition.The study contributes to existing research by camgahe interper-
sonal communication channels of WOM and persorhgeand it is the first to examine the
difference between online and offline WOM with redggto post-adoption attitudes and be-
havior. The objective of the study was to answer ftillowing research questions: (1) Do
WOM-referred users differ in their attitudes andhdaor compared to users acquired by per-
sonal selling? (2) Do offline-referred users diffiertheir attitudes and behavior compared to
online-referred users? (3) Do users from diffemgyguisition channels differ in their motiva-
tion to use the online community, and do these vatibns mediate the effects on user atti-
tudes and behavior?

The study on user acquisition reveals that the tyfpeommunication channel through
which users are attracted to join the online sammmhmunity significantly affects the users’
post-adoption attitudes and behavior. In partiGula results show that WOM-referred users
exhibit significantly higher levels of communityeditification, participation, WOM inten-
tions and recommendation behavior than those coirfnorg personal selling. Further, off-
line-referred users show higher satisfaction, pgdition behavior, WOM intentions and off-

line recommendations than online-referred usersduiition, it is demonstrated that distinct
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interpersonal communication channels attract usérsdifferent motivations. Users coming
from WOM are more driven by the social interacti@ue of the platform, while users ac-
quired by sales representatives are more drivethdynformation consumption value. In the
same manner, offline-referred users show highezl$eaf social interaction value. However,
there is no difference between offline- and onlieferred users in information consumption
value. It is shown that these user motivations playediating role for some of the observed
dependent variables. In both comparisons of adguischannels, social interaction value
mediates (fully or partially) between the channad all outcome variables. Information con-
sumption value also mediates between the marketiagnel (WOM vs. personal selling) for
satisfaction, identification, frequency of use, &W®M intentions and behavior. However, it
does not mediate any relationship for the two estiWOM channels. Interestingly, although
mediation is considered, most direct effects of iteketing channel on the outcomes stay
significant. For the effects of WOM channel on th#comes, three direct effects remain sig-
nificant (passive participation, WOM intention, aoifline WOM provision).

Overall, users coming from the WOM channel showerfarorable attitudes and higher
participation towards the online social communitynpared to users coming from personal
selling. In addition, offline-referred users shovom positive attitudes and behavior than

online-referred users.

User Activation.The aim of the study on user activation was to ustdad the main in-
fluencing factors of active user participation, tlee users’ interaction and contribution to the
community. The study is the first to provide ardepth analysis of the effects of an individ-
ual's position in the network, in combination wttre individual’s attitudes, on active partici-
pation behavior. Thereby, the following researclesgions are answered: (1) What are the
structural drivers for active user participatior?} How do attitudinal drivers affect active
user participation in the presence of structuratets? (3) How does user motivation affect
the relationship of the structural and attitudifaaltors on active user participation?

It is demonstrated that network structure — in &eohcentrality, ego-network density, and
online-offline configuration — significantly affectactive participation behavior. A higher
number of contacts in the community leads to mateve participation. The effect of the
ego-network density suggests that within a lookaly group of friends a user is more likely
to actively participate. A higher share of contactghe online community whom the user
knows from the offline world limits the active parpation of the users. Further, attitudinal

factors yield additional insights, influencing aetiparticipation in combination with objec-
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tive network data. Identification with the commuynliéads to a higher conditional number of
activities (if users decided to participate). Reogity does not yield overall effects, but
higher satisfaction leads to more active partiegmatinterestingly, when controlling for the

number of contacts a higher tenure is negativdbted to participation behavior. In addition,

the study shows that different user groups arectteon different stages of user participa-
tion. Thereby users who show lower levels of soicitdraction motives are more influenced
on whether they patrticipate at all. Users with leigbocial interaction motives are predomi-
nantly influenced in their conditional number ofiae participations. However, both groups

are significantly influenced by their network stiures.

User Retentionln the last study, the drivers of why people lethwe online community
are observed. The study is the first to investigiaeimpact of social structures in the context
of an online community service on the defectiont®iusers. Here, an answer on the follow-
ing research questions is given: (1) What are thectsiral drivers for members to defect
from the online community? (2) How does communitg&gement affect the members’ de-
fection from the online community? (3) How do théeets on user defection change over
time?

The study focuses on the impact of social strustuteshows that the user’s network po-
sition affects their likelihood of defection. Spiezally, a higher degree centrality leads to a
lower hazard of defection, but a higher averagerate@f the users’ contacts results in a
higher hazard of defection. User centrality, inmterof the users’ betweenness, has a negative
effect on defection, and also a closely knit egowoek leads to a lower risk of leaving the
community. Further, the configuration of the usdose network, in terms of similarity with
their group of contacts and the share of contatis already left the community, affects the
users’ likelihood of defection. Particularly, ihégh number of the focal user’s contacts are of
the same gender, the risk of defection is highetower share of direct contacts from the
same region results in a lower risk of leaving ¢bexmunity, though the effect is not linear.
If the user’s contacts are on average in moremisegions, the hazard of defection is higher.
In addition, a higher share of defected contacta aer’s overall contacts leads to a higher
risk that he leaves the online social community.

Further, the engagement in the community also phaysnportant role for the users’ loy-
alty. Users with a higher level of active partidcipa would rather stay in the community,
though this effect does not hold for all observedrugroups. There is also a positive relation

between the change in the users’ active parti@patiehavior and the decision to stay in the
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community, suggesting that an increased activitgrdhe last months reduces the risk of
leaving. In addition, members with verified memlgps are also less likely to defect.

An interesting finding is that some of the desalileffects decrease over time. Particu-
larly, of the network measures the impact of degegtrality, the average degree of the us-
ers’ contacts, ego-network density, and geograplsicailarity wane over time to become
insignificant at a certain point. This means, timathe first months after registration, the ef-
fects are higher, and the impact of the respeetwimbles is thus higher for the hazard of de-

fection.

Overall, these results provide valuable insights riesearchers and practitioners. It is
shown that some of the results can be confirmedsacstudies. Other factors reveal different
effects according to the research focus of theystAdmore detailed discussion of the dedi-
cated results with respect to the single studiesbeafound in the respective chapters 5, 6 and
7. A general discussion on the interrelationshipheffindings from all studies is provided in

the next section.

8.2 General Discussion

8.2.1 Discussion of the Results for Online Social CommtynResearch

On all three stages of the membership developm@teps, the consideration of the so-
cial context of the individual users in the onlie@mmunity helps to explain the users’ atti-
tudes, perceptions, and behavior. In this respleetapplication of social theories in the con-
text of online social communities affirmed to benbfkcial. In particular, the empirical stud-
ies show evidence that attitudes and behavior fégetad by the social relationship between
the actors in interpersonal communications for @s®uisition, the position of the users in
the online social network, the configuration of treers’ online social networks, and the us-
ers’ perceptions of their relationship to the comrtyu This illustrates that the individual's
social context should not be ignored when reseagcand managing an online social com-
munity. As social capital theory emphasizes, the® specific value in the relationships to
other community members. Particularly the strudtawad relational dimensions of social
capital help to make sense of the users’ beha@onsequently, the observation of network
structure and relationships between users can ngbrtant insights for marketers in set-

tings with user interaction.
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Network Position.The observation of the structural dimension ofilocapital provides
valuable results, which suggest that informatioranrindividual user’s position in the social
network has significant effects on his behaviore Tisers’ degree centrality is one of the cen-
tral indicators of higher active participation dogalty to the online social community. The
social capital that resides in the connection tmynather users leads to positive behavioral
outcomes. Thereby, the number of contacts is alsilmtt effective measure to consider one
facet of the users’ network structure.

In addition to the number of contacts, the conceptsetwork closure and brokerage play
an important role in social capital theory (Bur929 Coleman 1988). In line with the theo-
retical argument that brokerage yields informatamoml control benefits, while closure yields
solidarity benefits, the results of this study @vefold: they show that a strongly knit (dense)
network of contacts has positive effects on menthereyalty, while it has a negative effect
on active participation. Burt (1992; 2000) argulest tnetwork closure has the advantage of
generating trust and belongliness among usersinigaol group cohesion, while on the other
hand it increases the amount of redundant infoomatirculating in this group. Therefore,
the establishment of trust and norms in a closedigtead to more loyalty. However, the
functional benefit of having access to non-redunhdaormation from distant groups of peo-
ple increases the interaction of the users, whastors less connected groups of contacts. It
becomes clear that both effects need to be comrsldé&s Adler and Kwon (2002) point out,
both concepts contribute to social capital, buirthenefits are dependent on the situation and
perspective of research. Therefore, researchergeisas practitioners need to understand
both perspectives and its effect on behavior ifeteht situations. There is one interesting
finding in the empirical study of this thesis thafates to the situational aspect: time-
dependent effects of ego-network density suggedtdhly in the first couple of months a
closely connected group of contacts has a sigmifipasitive effect on loyalty. This means,
that being a new member of the community represarisuation where solidarity benefits
are more important. Thus, situation is an importagect, which should be attributed further
consideration in future online community research.

As another measure of centrality, betweenness ateicbrokerage opportunities for the
focal user. Therefore, higher betweenness shoulasbeciated with access to new informa-
tion and ideas and lead to higher social capitaleéd, being in a more central position (in
terms of betweenness) reduces the risk that alesees the community. Here, the access to
resources and higher social capital can explaimltgybehavior. However, the empirical

study did not show a consistent significant efffdbetweenness on active user participation.
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These two sides show that betweenness, as a sufusoeial capital, can explain general user
behavior to return to the online social communigttér than active participation behavior.
For the latter, degree has been demonstrated &oble¢éter, more robust measure of centrality
in explaining user contributions.

Overall, this thesis highlights the relevance ofidural indicators, which are missing in
most of the past studies on online community pigditon (see the literature review in chap-
ter 2.5). Because user behavior can be explaingdrlvehen using structural measures than
without them, this should become a standard praeedinen investigating social environ-
ments. Therefore, online social community reseatobuld not miss to include information

about the user’s position in the network when itigasing user behavior.

Network Configuration.But not only the network structure, also the camfggion of the
users’ social networks is an important facet toansthnd their behavior. Because online and
offline social networks are often intertwined (Wedn and Hampton 1999), the connection
to the offline world should be regarded explicitagnition, particularly for locally organized
online social communities. The results of the emagirstudies show that a high share of con-
tacts, who meet the focal user regularly in thérafworld, leads to less active participation.
Similarly, a low number of contacts in the samdaaredncreases the likelihood of staying in
the community” In general, these results suggest that users lesgoffline contacts per-
ceive high social capital because of the accesadie diverse resources, while users with
more offline contacts perceive a reduced levelrdine social capital because the resources
are also available through offline channels. Wehpect to the functional benefits of social
capital, the empirical findings indicate that oehanly contacts supplement social capital
available in the offline world and increase pap#tion, but offline contacts substitute
sources of social capital and consequently decrasse participation. This highlights that
online social communities are specifically valuallegen maintaining distant and weaker ties
through the online channel. If social capital isitable in the offline world, this would result
in less social capital benefits online with the sapeople. Social presence theory supports
this view because certain activities, like recagyvsocial support or solving problems, are
pursued preferably through media with richer comitation and social context cues (if the

medium is available). Thereby, online social cdpgaundermined by the offline contact in

% Users with a high number of contacts from the seegen also tend to stay longer than those withuab
equal numbers of contacts from the same and diffeegjions. However, the hazard of defection isdofer
the group with a low share of people from the sa@gion compared to those with a high share of pefipn
the same region. For further discussion of thisaféee chapter 7.4.1.
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situations where online and offline overlap. Howewbere might be situations where soli-
darity benefits are valued more, which can arigenfibeing in a more cohesive group in
terms of offline interaction. This is demonstratgdthe effect that users with a high share of
contacts from the same region also tend to havgelomemberships in the community
(though the likelihood to stay is lower than foe tijroup of people who have a lower share of
contacts from the same region). Knowing many pebpla the same region, whom they po-
tentially meet offline more often, leads to high@yalty to this group of people in the com-
munity. But the reduced amount of new informatiansuch groups results in lower active
participation behavior.

Other variables to describe the network configoratnelp to understand what kind of
network configuration is more beneficial. Becausera with less friends of the same gender
stay longer, this suggests that contacts of thesifgo gender are favorable to increase par-
ticipation. In that case, it is not the homophiftgament that explains behavior, but more im-
portantly the access to specific resources whiaghtidy of functional or emotional value for
the user. In the same manner, knowing how manfie@lser’s contacts already left the plat-
form indicates the availability of the remainingets for exchange of resources. The collec-
tive behavior argument helps to provide additiangdlanation for the risk of defection from
the online social community because of reduced filertbat are accessible. Both examples
tested in this thesis support social structure asuace of social capital. According to the
specific context of the online community, the sitoia arises in which more users from the
opposite gender are more favorable contacts, whitdher communities this could different.

Thus, sensitivity to the context of research isontant.

Attitudes and PerceptionsAttitudinal factors and user perceptions can yiaditlitional
insights for researchers and marketers. In genigrahn be confirmed that attitudes, repre-
senting the relational dimension of social capiaé important to understand user behavior,
although objective data is used in the analysis.

First, the study shows that satisfaction playsarkée. Higher satisfaction levels are as-
sociated with more participation. If the expectasiof the user are positively confirmed, he
participates more actively and stays longer inabmunity. Second, identification with the
community increases the attachment and the interaatmong members. This underlines the
theoretical contribution of social identity thedor online communities. People who identify
with the group show favorable behavior in the graup they actively participate and stay in

the group. Third, reciprocity shows mixed resukpending on the stage of the participation
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process and the user type observed. ReciprocitigsMor people who usually contribute few
content. However, for users who regularly contbreciprocity does not explain activity.
This inconsistency in results is in line with thedings from the literature review (chapter
2.5.4.2) that reciprocity might be a more complegcpss which relates to other factors.
Therefore, social exchange processes do not censlisand directly explain the users’ par-
ticipation behavior. Fourth, motivation is an imfat source of social capital (Adler and
Kwon 2002).The empirical studies show that, based on diffeneotivations, users are dif-
ferently affected in their behavior. Knowing thahline community operators need to better
understand what types of users exist in the netvaoxk how they need to communicate to
different user segments in order to increase tinenwonity’s success.

User perceptions and attitudes should be takenaictount when studying user behavior
in online communities. It complements the strudtyerspective because it influences the

users’ motivation to exchange resources.

Social capital as an overarching conceptltogether, the presented research supports the
existence of different dimensions of social capi&dcial capital is found to be an adequate
overarching concept that is related to other steeafisocial concepts and which helps to un-
derstand user behavior. Under the umbrella of saeigital, social network analytical con-
cepts are appropriate to describe the structurakdsion, while social identity theory and
social exchange theory can be utilized to explaarelational dimension. Concepts of col-
lective behavior and social presence also helpntterstand how certain aspects of the net-
work configuration relate to human behavior. Altgbuthe latter concepts are rather indi-
rectly related to social capital, they can enriol dargumentation on social capital benefits.

This thesis underlines the importance of studymga networks and social capital in an
online community context. It extends past resegaispectives by looking more closely on
the social context of user relationships and thecgiral dimension of social capital to under-
stand user behavior. A major finding is that bdthictural and attitudinal factors are relevant
for understanding behavioral outcomes and commugutcess. A combination of different
types of data, representing different facets ofadamapital, turned out to be beneficial for
online community research and to develop managamnplications. Social capital theorists
acknowledged that different sources of social ehman be intertwined (e.g., Adler and
Kwon 2002; Nahapiet and Ghoshal 1998; Tsai and kdld998). However, further empiri-
cal evidence of the interconnections between nétwtucture, network configuration, atti-

tudes and motives and their impact on user behawionline communities should specify
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these relationships. In this thesis, it is dematstt that there is a relationship between moti-
vation and attitudes and behavior, and to someedetirere is evidence that the structural,
relational and cognitive dimension are related. Tdsults show that effects of attitudes on
behavior are affected by the inclusion of strudtaspects in the analysis. Also differently

motivated groups of users are differently affectedheir behavior. Because it was not the
focus of this empirical study to explain all possimterrelations of the different dimensions

and variables, it is proposed that future reseahduld take a stronger focus on investigating
such effects. This need is also addressed in ah@&@eThis could advance the understanding
of which factors potentially take mediator or maer roles and which dimensions influence
each other.

Further, the discussion on offline-online netwodkfigurations suggest that social capital
in online communities depends on the interrelatb@tween online and offline social net-
works. It is not only the interrelation between thierent dimensions of social capital in the
online context, but also the relationship betweeline and offline contact to one’s network
of friends which determines user behavior. Thigdatks a relationship and overlap between
online and offline social capital which should bgestigated in more detail in future studies.
Specifically the utilization of relationships toqme in either the offline or the online world
for specific purposes could yield additional ingggim which context the sources of social
capital work better or supplement each other. Tihege a more holistic investigation of so-
cial capital and its effect would include both oeliand offline connections.

Interpersonal communication channels for user acaition. In addition to the findings
on how social capital and related theories infléenser behavior, studying interpersonal
communication channels to acquire new users toctimemunity highlights that the social
context of the communication channel affects atétgi and behavior. Channels with a
stronger relationship to the sender of the margetmessage accentuate social motives. This
results in positive attitudes to the community amcteased social interactions, which also
describe to a certain degree how much the useug ¥aeir relationship with the community.
Thereby, channels which bring user with higher @ogiotives to the community, also drive
the development of social capital in the commuthitpugh these users. It is therefore impor-
tant to understand the distinctive characteristitshese channels. This thesis shows that
WOM more likely arouses social motives for commynisage than personal selling. In the
same way offline-referred users are more drivesdmnyal motives than online-referred users.

Although distinct user motivations are accentuatedifferent channels, the direct effects on
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certain variables suggest that the social relatipngetween the sender of the marketing
message and the receiver also explains the udétisdas and behavior on the platform to
some degree. The differentiation of the effectpaifsonal selling, online and offline WOM
supports the theoretical perspective of differartiad contexts that influence the user’'s be-
havior after registering on the platform. TherefoNOM in general and offline referrals in
particular yield more favorable relationships te tommunity that result into social capital
achieved on the platform. This means that the geloer of social capital already starts with
the acquisition of the “right” users, who are witlito connect to others and the community.

Altogether, the three studies show that a) theas@cintext yields important insights on
how users behave in online social communitiespdividual network positions are important
drivers of participation, c) the configuration, peularly with respect to the interconnection
of online and offline networks, shows a relevari¢&fon behavior, d) attitudes and percep-
tions can significantly contribute to a further enstanding why users are more active, e)
user groups differ in their motivations, leadingdifferent attitudes and behaviors towards
the online community, and f) the acquisition chdraleeady influences social capital devel-
opment on the platform.

What arises from an overall view on the memberstgpelopment process is that the
findings at all stages are interdependent. Soajaital represents a valuable umbrella concept
which can be enriched by appropriate social thednecomprehensively understand user be-
havior. However, specific types of user attituded garticipation are affected by different
social capital benefits, where there are situatinnghich one or the other benefit (be it either

information, control, or solidarity benefits) is ,eamportant.

8.2.2 Discussion of the Results for Online Social CommtijnManagement

In addition to the theoretical discussion of theutes, community operators are interested
in its practical relevance. For community operattie results of the empirical studies have
several implications. In fact, on each of the thstgges in the membership development
process specific actions can be taken to manageothenunity more effectively and increase
the success of the community. More detailed reconaaigons for community management
are discussed in the dedicated implications sextidrthe respective empirical studies (chap-
ter 5, 6 and 7). Here, general implications arewised. Overall, the results suggest that

community operators should pay explicit attentionthe network structure of their online
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community, assess the motivation and attituded@f users on a regular basis, make use of
different acquisition channels and integrate thearketing activities on all stages of the
membership development process.

A major finding is that a user’s position in thetwerk significantly affects the behavior
in the online social community. Therefore, commyrdperators need to consider network
measures when tracking the state of their onlimasgommunity. The advantage of objec-
tive network data is that they are easily accesdinl the operators of online social communi-
ties and they help to understand how the users@raected. Further, they indicate which
users are more likely to actively participate artdolv users are more likely to defect. Thus,
network measures may help to manage participatioough steering the interconnection of
the users on the platform. The underlying commusystem can be used to recommend us-
ers to connect to specific other users or intenattt certain users from their contact list. Per-
sonalized recommendations for connection and iatiera with other users should be based
on the results of how specific network configurati@ffect participation (e.g., higher number
of users from the opposite gender). Then, theybeamtegrated, for example, on the personal
home page of each user individually. This way, ldwel of participation could be increased
and the risk of defection decreased. Further, enbtisis of the users’ positions in the net-
work, the integration of new users can be asseassddefected users can be prioritized for
win back activities. Highly connected users areangnt to the platform, which suggests in-
cluding network measures as performance indicatdosmarketing and customer manage-
ment.

In addition to the objective network data, thisdstinas shown that self-reported meas-
ures, such as motivations, attitudes, and peragptican significantly improve the under-
standing of what influences participation behavidrerefore, such factors should be used in
community management to assess the level of at@achto the community and to differenti-
ate users with specific attitudes and motivatidmgarticular, motivations are important dis-
criminators for user behavior and the effects oer ymrticipation. A segmentation of users
along their motives can provide more targeted usnmunication as well as better-
customized content on the platform. The introductié a ‘mini user survey’ on the platform
to regularly track user motivations and to lay aifdor segmentation would be a promising
tool.

Further, acquisition channels can be used to attifferent types of users, with different
motives and needs. Having a diversified portfolimger groups in the online community can

help to distribute the risk of being dependent na specific user group. For example, social
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networkers use the community to interact and comaoat® with other people. Although be-
ing a highly valuable group for the community,hietinteraction goes down and people leave,
the value would be lost for such networkers as.wiédlving also users on the platform who
are predominantly interested in the content (b@nt- or user-generated) can stabilize the
traffic on the platform. It is not asserted, thHagre is a right or wrong acquisition channel.
Moreover, the community operator needs to know whahnels are available and how they
affect their current customer base. WOM referragehbeen found of specific importance as
a cost-efficient channel that attracts more agfiyalrticipating users. Therefore, referral pro-
grams should be used to stimulate WOM recommenuatiSpecifically offline WOM rec-
ommendations attract users with favorable attituates behaviors towards the online social
community. Triggering offline WOM would thereforee lof high relevance when there is a
need to attract users who are more willing to dbyciateract.

Overall, community operators need to take actiors @ntinuously improve on all three
stages of the membership development process. fiéey to attract new users, activate the
users to participate actively, and retain the udarsrder to prioritize users and focus on us-
ers of specific value for the platform, structuaald attitudinal data, as well as motivations
should be included to design marketing tools. k@mgple, knowing which user comes from
which channel and how many contacts a user hasheknto integrate them better in the
community and also evaluate the risk of defectidmereby, the effectiveness of certain mar-

keting campaigns can be evaluated, and marketidgdiiwcan be spent more efficiently.

8.3 Future Research Directions

The focus of this chapter is to elaborate on samaé research directions, which poten-
tially can yield deeper insights on certain aspettnline community research.

Overall, the empirical studies presented in théselitation are based on data coming from
one online social community. The online communibgdi in this research has a broad topic
and is thus expected to provide rather generabzedsults. Although using one community
has the advantage that there is no undesirablances between users of different communi-
ties due to varying functionality and purpose, éfiects should be verified in other online
community settings. Further, with respect to thieativeness of different acquisition chan-
nels, the potential differences of online and n#lMWOM should be tested in other contexts.

Online social communities provide a specific settiwvhich is mainly based on the social
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context of the users. This study particularly acikdeolges this social context, because it is
focused on understanding its effects in online comitres. However, it would be interesting
to see how the two types of WOM perform for otherducts and services.

The empirical studies investigated the direct effeaf structure, attitudes, and engage-
ment on the respective outcome variables. In amdittome mediating and moderating ef-
fects have been revealed. However, it was notligasd look into all possible relationships
between the variables of interest. Specificallg thsults suggest that there might be some
relationships between structural and attitudinatdes. The interrelation of measures on the
users’ position in the network, the configuratidritee network, the relationship to the online
community, and the individual perceptions of therass a potential area of future research.
Further, mediation and moderation effects of thecstiral and relational dimensions should
be investigated. A combination of the facets ofi@ozapital in the online and offline context
could support the progress in research on diffegéfatts of online social capital.

It has been demonstrated that motivations playrgortant role and shape the users atti-
tudes and behavior. However, because of the uradiigty of data, it was not possible to test
how motivation affects defection. This can provatditional insights and help to better un-
derstand why users leave their online community.

The research focus in this study was to investitsendividual user’s relationship to the
whole group of people in the online community. Hoes dyadic relationships could provide
additional information. For example, a user’s treisgth and homophily to single other users
in the community and its effect on behavior towatttsse individual users could deepen the
understanding of why users interact with specitizeo users more intensely. Although this
was out of the scope of the current dissertatiocguld be an interesting future research per-
spective. Further, the hypotheses in this workt@séed on an individual user level. Another
approach is to observe sub-groups or sub-commaratid their effect on the overall partici-
pation level and community success (see for examptal et al. 2009 for community level
observations). Linking structural dimensions of mtcand macro-level effects could provide
community operators with knowledge on how the entinline community, and sub-
communities therein, need to be structured. Furtieunderstanding of how the users within
sub-communities are affected by their position esldtionships towards other users could be
achieved.

In this dissertation, longitudinal data has beeadu® investigate certain effects on the
users’ participation. However, few researchers havestigated longitudinal effects and life

cycle models regarding online community activityhefefore, there is a need to achieve fur-
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ther empirical evidence on how users develop imseof their active participation in the
online community over time. This can generate kmaolge of how social capital is utilized in
different situations and different points in tirdebetter understanding of why user behavior
changes and which economic effects this has focon@munity operator could be of specific
interest. In fact, linking user behavior to finaobutcomes in online communities has only
rarely been observed (e.g., Trusov, Bodapati, amekl 2010). This could help to prioritize
marketing budgets and activities, as well as téeckhtiate and personalize marketing mes-
sages towards different user groups.

Further, experiments are a popular instrumentgbtteeorized or empirically discovered
hypotheses. Online communities have not been sutjenany experimental studies on ac-
tive user participation so far. With this lack ofoerimental research it is proposed to test cer-
tain aspects of community participation by genagagxperimental conditions and alter the
relevant factors to test and understand the ‘fealdffects for individual activity changes.

Finally, as there are many different types of anldommunities in the market, a compari-
son of the structural and relational effects orr psticipation can be pursued across differ-
ent kinds of online communities. Cross-communitydgts could enrich the understanding of

how users behave and how they are influenced ferdiit communities.
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Appendix

Appendix 1: Literature Review of Online Commungytieipation Studies
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Appendix 2: Original Constructs adapted from Passé&arch

Constructs (Authors) Measures
Satisfaction 1 Overall satisfaction (“very dissatisfied" / “very satisfied”)
Fornell et al. (1996) The degree to which performance falls short of or exceeds expectations (“falls short of

expectations” / “exceeds expectations”)

Rating of performanee relative to the customer's ideal good or service In the category.
(“not very close to ideal provider" / “very close to ideal provider”)

Identification 1 |am very attached to the community.
Algesheimer, 2 Other brand community members and | share the same objectives.
Dholakia, 3 The friendships | have with other brand community members mean a lot to me.
and Herrmann (2005) 4 | see myself as a part of the brand community.
53 If brand community members planned something, I'd think of it as something “we” would
do rather than something “they” would do.
Reciprocity 1 |Itrust that other members of Community XYZ would contribute something to the
Wasko and Faraj community if | contribute something.
(2005) 2 | know that other members of Community XYZ would contribute something, so it is only

fair for me to contribute something as well.

Information Value
Mathwick, Wiertz, and
de Ruyter (2008)

There is unique value in the XYZ forums
| find the information on this XYZ forum to be valuable
| think of this XYZ forum as an information resource

Social Value
Dholakia, Bagozzi,
and Pearo (2004)

To have something to do with others.
To stay in touch.

N R WODN B

WOM Intention 1 1would recommend XYZ for ... to my friends.
Maxham and 21 How likely are you to spread positive word of mouth about XYZ ?
Netemeyer (2002) 3Y If my friends were looking to purchase ..., | would tell them to try XYZ.

1) Item was not used in user survey of this dissertation.
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Early Respondents

Late Respondents

(first 25%, n=172) (last 25%, n=172) T-Tests
Measures Mean Std.Dev. Mean Std.Dev. T-value P-value
T-Tests
Overall Satisfaction 4.50 1.18 4.60 1.23 -773 .440
Identification 3.21 1.60 3.43 171 -1.244 222
WOM Intention 3.95 2.12 4.10 2.08 -.642 521
Active Participation® 1.30 1.80 1.58 1.98 -1.357 176
Passive Participation? 2.00 1.49 2.19 1.59 -1.130 .259
Frequency of Use 1.97 231 2.35 241 -1.497 .135
WOM Provision Online? .40 .70 .50 .85 -1.162 .246
WOM Provision Offline?) .84 .93 .96 1.06 -1.092 .276
Social Interaction Value 3.66 1.88 3.48 1.88 .908 .364
Information Consumption Value 4.90 1.71 4.89 1.81 .041 .967
Age 24.51 9.12 24.42 9.93 .090 .928
Gender .49 .50 .60 .49 -1.955 .051
Tenure (in months) 13.37 12.01 15.03 12.95 -1.230 .219
Internet Experience 8.44 4.23 8.14 4.05 677 499
Internet Usage 4.83 5.13 4.13 3.12 1.512 131
Chi2-Tests Pearson- Chi?-Value P-value
Gender 3.800 .051
Education? .896 .925
1) log-transformed variables; 2) Chi2-Tests based on five education groups;
Std.Dev.= Standard Deviation
Network Sample
Sur\érelzézr)nple (n:31,638)p Trrests
Measures Mean Std.Dev. Mean Std.Dev. T-value P-value
Active Participation® 1.38 1.88 .79 1.43 8.153 .000
Profile Visits 1135.01 2926.33 1059.19 2360.53 .675 .500
Contacts in Friend List 88.54 232.35 100.31 174.19 -1.739 .082
Age? 23.79 9.23 21.55 5.75 6.340 .000
Gender .54 .50 .51 .50 1.684 .093
Tenure (in years)® 181 1.25 2.17 1.26 -7.532 .000

1) log-transformed variables;
2) n (total population) = 31.336 due to missing values;
3) n (survey) = 685, due to missing values;

Note: Network Sample includes users with last log-in in the last two month before the sending of the survey, who had a valid E-Mail
address and at least one contact in the online social community; it does not include users from the survey sample
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Appendix 4: Study 1 — Robustness Test of ResoiisNtain and Step-Down Analysis

Robustness Tests Regression Assumption Tests
Kruskal-Wallis Test Robust Regression Bootstrapped Multi- Heterosce- 6
Results” Results? Regression Results® _ _collinearity” __dasticity Normality
Main  Step-Down Main  Step-Down Variance (Breusch- (Smirnov-
Analysis” Analysis®  Analysis  Analysis Inflation o jan-Testy KOIMogorov-
Factor Test)
Dependent Variable (DV) Chi® p p p p p VIF p p
Marketing Channel®
Satisfaction 1.33 0.25 0.41 0.55 0.42 0.57 1.28 0.07 0.01
Identification 20.18 0.00 0.00 0.08 0.00 0.08 1.28 0.04 0.00
Active Participation 25.53 0.00 0.00 0.01 0.00 0.01 1.28 0.00 0.00
Passive Participation 40.57 0.00 0.00 0.00 0.00 0.00 1.28 0.05 0.00
Frequency of Use 26.38 0.00 0.00 0.05 0.00 0.05 1.28 0.00 0.00
WOM Intention 3.93 0.05 0.08 0.17 0.08 0.16 1.28 0.55 0.00
WOM Provision Online 18.77 0.00 0.00 0.00 0.00 0.00 1.28 0.00 0.00
WOM Provision Offline 41.33 0.00 0.00 0.00 0.00 0.00 1.28 0.00 0.00
Social Interaction Value (SIV) 50.34 0.00 0.00 - 0.00 - 1.28 0.21 0.00
Information Cons Value (ICV) 26.28 0.00 0.00 - 0.00 - 1.28 0.39 0.00
WOM Channel*”
Satisfaction 3.05 0.08 0.07 0.13 0.08 0.13 111 0.90 0.02
Identification 1.49 0.22 0.34 0.83 0.34 0.84 111 0.96 0.00
Active Participation 3.72 0.05 0.03 0.23 0.03 0.23 111 0.00 0.00
Passive Participation 11.63 0.00 0.00 0.01 0.00 0.01 111 0.09 0.00
Frequency of Use 4.56 0.03 0.01 0.09 0.01 0.09 111 0.00 0.00
WOM Intention 4.18 0.04 0.04 0.03 0.04 0.04 111 0.94 0.00
WOM Provision Online 191 0.17 0.40 0.25 0.40 0.26 111 0.20 0.00
WOM Provision Offline 15.96 0.00 0.00 0.00 0.00 0.00 1.11 0.00 0.00
Social Interaction Value (SIV) 3.58 0.72 0.05 - 0.05 - 111 0.43 0.00
Information Cons Value (ICV) 0.13 0.06 0.40 - 0.39 - 111 0.31 0.00

* p<.10; *k p<.05; Fkk p<01
1) Kruskal-Wallis equality-of-populations rank test; p-value for Marketing / WOM Channel as independent variable on DV

2) Regression results with robust standard errors

3) Regression results with bootstrapping (5,000 bootstrap samples)

4) highest VIF from regressions on DV reported, with independent variables: Marketing / WOM Channel, age, gender, tenure, SIV, ICV

5) test executed with 'hettest' in Stata on regression on DV, with independent variables: Marketing / WOM Channel, age, gender, tenure
6) test executed with 'sktest' in Stata on regression on DV, with independent variables: Marketing / WOM Channel, age, gender, tenure

7) p-value for Marketing Channel / WOM Channel on DV; other covariates included: age, gender, tenure

8) p-value for Marketing Channel / WOM Channel on DV; other covariates included: age, gender, tenure, SIV, ICV

9) Marketing Channel = Word-of-mouth (=1) vs. Personal Selling (without received WOM; =0); n=398

10) WOM Channel = Offline (=1) vs. Online WOM (=0); n=310




Appendix 5: Study 1 — SEM for Mediation of AcqigrsitChannels via Motivation

Acquisition Channel

Marketing 2)
Channel® WOM Channel
Coeff. p Coeff. p

Direct Effects
X-->M
Acquisition Channel —  Social Interaction 1,575 ,000 *** ,589 ,030 **
Acquisition Channel — Information Consumption -,950  ,000 *** -,129 ,647
M-->Y
Social Interaction —  Satisfaction ,208  ,000 *** ,286 ,000 ***
Social Interaction — Identification ,396 000 *** 470 ,000 ***
Social Interaction —  WOM Intention ,438 ,001 *** ,522 ,000 ***
Social Interaction —  Active Participation 441 ,000 *** 577 ,000 ***
Social Interaction —  WOM Provision Online ,075  ,005 *** ,072 ,003 ***
Social Interaction —  WOM Provision Offline 181,000 *** ,158 ,000 ***
Information Consumption —  Satisfaction ,303 ,000 *** 224 ,000 ***
Information Consumption ~ —  Identification 234,001 *** ,175 ,001 ***
Information Consumption  — WOM Intention ,548  ,000 *** ,551 ,000 ***
Information Consumption —  Active Participation ,071 ,200 -,054 314
Information Consumption  —  WOM Provision Online ,066  ,008 *** ,038 ,105
Information Consumption  —  WOM Provision Offline , 127,000 *** ,116 ,002 ***
X-->Y
Acquisition Channel —  Satisfaction 131,372 ,236 ,144
Acquisition Channel — Identification 317,113 ,060 ,793
Acquisition Channel —  WOM Intention ,268 ,189 404 ,087 *
Acquisition Channel —  Active Participation ,560 ,002 *** ,206 437
Acquisition Channel —  WOM Provision Online 343,000 *** -,133 ,176
Acquisition Channel —  WOM Provision Offline 497,000 *** ,539 ,001 ***

1) WOM vs. PS (WOM=1,; PS=0); 2) Offline vs. Online WOM (Offline WOM=1; Online WOM=0)

X = Independent Variable; M = Mediator; Y = Dependent Variable
Maximum Likelihood Bootstrapping with 5,000 Bootstrap Samples
Bias-corrected estimates and p-values

*** p<.01; ** p<.05; * p<.10
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Appendix 6: Study 2 — Non-Response Bias Tests

260

Early Respondents

Late Respondents

(first 25%, n=121) (last 25%, n=121) T-Tests
Measures Mean gg,?gﬁ;ﬂ Mean g::/ri]gt?(;i T-value P-value
Active Participation? 6.32 6.81 7.27 7.38 -1.041 .299
Degree? 291 1.68 3.09 1.79 -.807 421
Betweenness? 11.11 6.29 11.96 5.77 -1.088 .278
Ego-Network Density .18 .20 .23 .22 -1.591 113
Share of Real-World Friends .39 .31 .43 .33 -.979 .328
Identification 3.32 1.56 3.52 1.69 -.935 .350
Reciprocity 3.26 1.62 3.10 1.77 .720 AT72
Overall Satisfaction 4.60 1.20 4.56 1.27 277 .782
Social Interaction Value 3.88 1.82 3.57 1.95 1.284 .201
Tenure (in years) 1.86 1.25 1.94 1.32 -.469 .639
Age 23.22 8.50 23.60 9.04 -.330 742
Gender (1=female) .49 .50 .60 .50 -1.680 .094
1) categorized measure
2) log-transformed measure
Network Sample
Sun(/relzfg‘;r)nple (n=30,1801);) T-Tests
Measures Mean Std Dev Mean Std Dev T-value P-value
Active Participation? 6.50 7.09 3.16 5.55 -10.33 .000
Degree? 3.07 1.73 3.18 1.68 1.53 126
Betweenness? 11.69 5.90 11.58 5.56 -0.43 670
Ego-Network Density 0.22 0.23 0.21 0.21 -1.14 .256
Tenure 1.89 1.28 2.16 1.26 4.74 .000
Age? 22.48 7.97 21.25 5.66 -3.40 .001
Gender (1=female) 0.54 0.50 0.52 0.50 -0.79 433

1) Network Sample does not include users from survey sample

2) Due to missing values in network sample n=29,945

3) categorized measure
4) log-transformed measure
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Appendix 7: Study 2 — Verification Test with défer\Weightings of Participation

Model 1% Model 2c?
Reweighted Reweighted Reweighted Reweighted
Participation 1° Participation 2% Participation 1 Participation 2

Logits) Neg.Bin. Logit Neg.Bin. Logit Neg.Bin. Logit Neg.Bin.
Intercept -2.156 *** 1.490 ***  -2,156 *** 1.512 ***  -3.010 *** 1.284 *** 3,013 *** 1.324 ***
Degree 0.815 *** 0.322 *** 0.814 *** 0.324 *** 0.798 *** 0.158 *** 0.798 *** 0.162 ***
Betweenness -0.027 ***  -0.028 ***  -0.027 ***  -0.029 *** 0.034 0.000 0.035 -0.002
Ego-Network Density -0.849 ¥+ .0.369 ***  -0.857 *** -0.312 *** -1.167 ** -0.289 -1.169 ** -0.265
Share Real Friends - - - - -1.494 ***  -0.382 ***  -1.497 *** 0,349 ***
Identification - - - - 0.087 0.107 ***  0.088 0.108 ***
Reciprocity - - - - 0.124 -0.011 0.123 -0.007
Overall Satisfaction - - - - 0.273 ** 0.057 * 0.273 ** 0.054 *
Tenure -0.554 ***  .0,192 ***  -0.554 ** -0.185** -0.480 *** -0.069 ** -0.480 ***  -0.066 **
Age 0.047 *** 0.009 *** 0.046 ***  0.009 ***  0.048 ** 0.010 ** 0.048 ** 0.009 **
Gender -0.093 ***  -0.033 ** -0.095 **  -0.018 -0.198 -0.017 -0.198 -0.021
Alpha 0.5433 =+ 0.5029 *** 0.2096 **= 0.2073 ***
Log-Likelihood -55486 -55854 -1199 -1208
AlC 111002 111738 2445 2463

Model: Zero-Inflated Negative Binomial Models; Dependent Variable: Active Participation (# of activities; categorized)

*kk p<.01 *k p<.05 * p<.10;

1) n=30,431; 2) n=486

3) Reweighted Participation 1: weighting messages*2; guestbook entries*2; gifts*2; comments*1; ratings*1

4) Reweighted Participation 2: weighting messages*2; guestbook entries*5; gifts*2; comments*5; ratings*1

5) signs in the logit-part of the model are reversed to indicate the effect on “contributions” instead of “not contributing” (certain zeros).
Positive effects are thus interpreted as “the greater the independent variable, the more likely the users were to contribute”
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Appendix 8: Study 2 — Zero-inflated Negative Biradwiodel Specification

In a zero-inflated negative binomial model the eatdi the dependent variable is specified as:
y,~0 with probabilityp,

y. ~ Negative Binomial with probability ¥:,

wherey, represents the expected number of contributiorderbg user. ¢, is parameter-

ized as a logistic function of the observable veofacovariatesz, and can be obtained
through (Cameron and Trivedi 1998):

_ explz'y)
? Tredz'y)

where y represents the parameter estimates for the indepénariablesz, that represents
the (0/1) outcome of the binary model, whetheraractivity can be observed.

The observed random variabje is then generated through

Yi =2y

where z represents the (0/1) outcome of the binary madel,y, " is distributed as negative
binomial (,,a7"), given thatz =1.

Probabilities for certain outcomes can be obtatheough (Cameron and Trivedi 1998):
Py, =0]=¢, +1-4,)f O

Ply, =r]=(1-¢,)f (r), r=1,2,...,

where f (-) is the negative binomial probabilitgtdibution for y,’, that is:

) r(yl + a_l) a—l a™ i Yi
f(yiV’i'”)‘r(yi+1)r(a-1)(a‘l+/~4j (a’”ﬂij

Here, the most common implementation of the negdiimomial is a NB2 model (Cameron
and Trivedi 1998). Whew =0, it is the Poisson distribution. The functioifi)l is the

gamma function (for more details see for examplm€&an and Trivedi 1998; Greene 2002).
The mean and variance in the ZINB model are:

E[yi|xi ’Zi]::ui(l_¢i)
V[yi|xi ’Zi]::ui (1_¢i)(1+/~/i (¢| +a))v

which demonstrate over-dispersic)h[:y|>g,zi] > E[yi|>g,;].
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Appendix 9: Study 2 — Verification Test with SecObdervation Period for Model 1

Model 1Y Test Model? Consistent

Logit® NB Logit NB Results?
Intercept -2.137 *** 1.133 *** -2.450 *** 1.290 *** -
Degree 0.829 *** 0.381 *** 0.915 *** 0.404 *** Yes/Yes
Betweenness -0.026 *** -0.030 *** -0.028 *** -0.041 *** Yes/Yes
Ego-Network Density -0.848 *** -0.474 *** -0.903 *** -0.342 *** Yes/Yes
Tenure -0.568 *** -0.237 *** -0.580 *** -0.203 *** Yes/Yes
Age 0.053 *** 0.011 *** 0.050 *** 0.008 *** Yes/Yes
Gender -0.078 ** -0.076 *** -0.072 ** -0.052 *** Yes/Yes
Alpha 0.8663 *** 0.6756 ***
Log-Likelihood -53515 -61017
AlIC 107061 122064

Model: Zero-Inflated Negative Binomial Models; Dependent Variable: Active Patrticipation (# of activities)

** n<.01 ** p<.05 * p<.10; NB=negative binomial;

1) model used in main analyses: n=30,431

2) model for verification test includes all measures one period before model 1, i.e. participation is measured in T1,
the network variables at the end of TO; n=35,101

3) signs in the logit-part of the model are reversed to indicate the effect on “contributions” instead of “not contributing” (certain zeros).
Positive effects are thus interpreted as “the greater the independent variable, the more likely the users were to contribute”

4) results are considered consistent, when the tested model shows the same results with respect to significance of the effects




Appendix 10: Study 2 — Different CategorizationPafticipation for Verification Tests

Values within Intervals

# Categories and Intervals of Transformation of Participation

40 30 25 20 15
0 0 0 0 0
1 1 1 1 1-2
2 2 2 2
3 3 3 3 3-4
4 4 4 4-5
5 5 5 5-7
6 6 6 6-7
7 7 7
8 8 8 8-9 8-10
9 9 9
10 10 10-14 10-12
11 11 11-14
12 12
13 13 13-15
14 14
15 15-19 15-19 15-24
16 16-19
17
18
19
20-24 20-24 20-24 20-29
25-29 25-29 25-29 25-39
30-39 30-39 30-39 30-39
40-49 40-49 40-59 40-59 40-69
50-59 50-59
60-79 60-79 60-79 60-79
70-99
80-99 80-99 80-99 80-99
100-149 100-199 100-199 100-199 100-199
150-199
200-249 200-299 200-299 200-299 200-299
250-299
300-399 300-499 300-499 300-499 300-499
400-499
500-749 500-999 500-999 500-999 500-999
750-999
1000-1999 1000-1999 1000-1999 1000-9999 1000-9999
2000-2999 2000-3999 2000-3999
3000-3999
4000-4999 4000-9999 4000-9999

5000-9999

264



265

Study 2 — Verification Test with défe Transformations of Participation

Appendix 11
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Study 2 — Verification Test with N@msformed Betweenness Measure
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Appendix 13: Study 2 — Verification Test with CohWrariable for Friend Activities

Model 2¢? Model 2d? Consistent

Logit® NB Logit NB Results?
Intercept -2.970 *** 0.991 *** -2.845 *** 0.976 *** -
Degree 0.800 = 0.185 = 0.284 0.101* No/Yes
Betweenness 0.035 0.000 0.009 -0.005 Yes/Yes
Ego-Network Density -1.163 * -0.355 -1.234 -0.469 ™ Yes/No
Share Real Friends -1.490 = -0.414 -1.271 % -0.368 ** Yes/Yes
Friends’ Activity® - - 0.324 ™ 0.066 ™ -
Identification 0.080 0.117 = 0.062 0.115 = Yes/Yes
Reciprocity 0.124 -0.007 0.118 -0.011 Yes/Yes
Overall Satisfaction 0.275* 0.067 * 0.215* 0.058 * Yes/Yes
Tenure -0.482 *** -0.083 ** -0.365 *** -0.063 * Yes/Yes
Age 0.049 ** 0.011 ** 0.040 * 0.008 * Yes/Yes
Gender -0.198 -0.061 -0.255 -0.091 Yes/Yes
Alpha 0.2820 *** 0.2716 ***
Log-Likelihood -1177 -1161
AIC 2400 2372

Model: Zero-Inflated Negative Binomial Models; Dependent Variable: Active Participation (# of activities; categorized)
** p<.01 ** p<.05 * p<.10; NB=negative binomial
1) model used in main analyses: n=486

2) model for verification test includes an additional measure of the activity of the actor’s contacts; n=486
3) signs in the logit-part of the model are reversed to indicate the effect on “contributions” instead of “not contributing” (certain zeros).

Positive effects are thus interpreted as “the greater the independent variable, the more likely the users were to contribute”
4) results are considered consistent, when the tested model shows the same results with respect to significance of the effects
5) Friends' Activity includes all active participation of the focal users' contacts in T2. The aggregated variable is log-transformed.
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Hazard Ratio

Hazard Ratio

Time-dependent effect for Active Participation Levé(Model 2)

119 —No Effect =—HR — HR Upper Cl = HR Lower Cl

1.05 -
1/N

0.95 -
09+

123456 7 8 91011121314151617 1819202122
Time (Months)

Time-dependent effect for Verified Membership (Modé2)

1.6 7 HR Lower CI

— No Effect =—HR HR Upper CI

1.4 ~
1.2

04 T T T T T T T T T T T T T T T T T T T T 1

123456 7 8 910111213141516171819202122
Time (Months)

HR=Hazard Ratio; Cl=Confidence Interval (95%)
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Study 3 — Verification Test with Catior

Appendix 18
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Appendix 19: Study 3 — Verification Test with Sfied Model by User Group

COHORT 1 Model 1b

All Users - Full Model
Covariates HR Coef. SE p
Main Effects of Covariates
Degree (Active Contacts) 0.966 -0.035 0.008 0.000 ***
Avg. Degree of Active Contacts 1.002 0.002 0.000 0.000 ***
Betweenness (Active Contacts) 0.926 -0.077 0.021  0.000 ***
Ego-Network Density (Active Contacts) 0.448 -0.803 0.346 0.020 **
Similarity (Active Contacts) - Region 3.764 1.326 0.255 0.000 ***
Similarity (Active Contacts) - Distance 1.010 0.010 0.002 0.000 ***
Similarity (Active Contacts) - Gender 1.367 0.313 0.100 0.002 ***
Share of Inactive Contacts 2.045 0.715 0.153 0.000 ***
Active Participation Level 0.996 -0.004 0.002 0.088 *
Active Participation Change (Delta) 0.996 -0.004 0.001 0.004 ***
Verified Membership 0.726 -0.320 0.063 0.000 ***
Age 1.003 0.003 0.003 0.275
Gender 0.839 -0.175 0.048 0.000 ***
Time-dependent Effects of Covariates n
Degree (Active Contacts) x g(t) ? 1.012 0.011 0.003 0.000 ***
Avg. Degree of Active Contacts x g(t) 0.999 -0.001 0.000 0.001 ***
Betweenness (Active Contacts) x g(t) 1.016 0.016 0.008 0.054 *
Ego-Network Density (Active Contacts) x g(t) 1.302 0.264 0.145 0.069 *
Similarity (Active Contacts) - Region x g(t) 0.643 -0.442 0.109 0.000 ***
Similarity (Active Contacts) - Distance X g(t) 0.998 -0.002 0.001 0.086 *
Similarity (Active Contacts) - Gender x g(t) - - - -
Share of Inactive Contacts x g(t) - - - -
Active Participation Level x g(t) - - - -
Active Participation Delta x g(t) - - - -
Verified Membership x g(t) - - - -
Age xg() - - - -
Gender X g(t) 1.085 0.082 0.082 0.002 ***
Subjects 5752
Failures 4775
Observations 55488
Log-Likelihood -35474
AIC 70987
BIC 71166

Stratified by Friend Group

*** n<.01, ** p<.05, * p<.10
Note: HR=Hazard Ratio; Coef.=Coefficient; SE=Standard Error; p=p-value
1) time-dependent effects are only included for variables with non-proportional hazards,
indicated by PH assumption tests;
PH assumption tests executed for each model seperately;
time-dependent effects calculated as interaction terms of
independent variables with a function of time g(t)

2) g(H=In(t)
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Study 3 — Verification Test with Altdive Independent Variables

Appendix 20
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