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Chapter 1

Introduction

My dissertation focuses on social media platfdfittsthe advent of Web 2.0 technologies, various
types of social media platforms have prospered in the last few years. However, firms face the
challenges of how to optimize the design and management of social media plafoegsires
researchers antnagers to understamalv individuals contribute and consume content in social
media platforms, how individuals interact with each other, and what are the desirable policies that
could maximize the value of social media initiatives of an orgaripatesearch investigates
these critical research questions in various contexts.
In my first essay The Emergence of Opinion Leaders in a Networked Online Community: A Dyac
Model with Time Dynamics and a Heuristic for FadtlEstidyatiendrivers of the emergence of
opinion leaders in a networked community where users follow each other and share information
with peers. | model the formation of opinion leadership by usinglaw®lgatoportional hazard
model with timevarying ovariates. To estimate this model, | use Weighted Exogenous Sampling
with Bayesian Inference (WESBI), a new methodology that | develop for fast estimation of dyadic
models on large network datasets. | find that, in this online review network, bothytstdiiele:
opreferential attachment 6 ef f ecnetwdhkassgoeogertyon t he
of a node) and the number and quality of reviews written (idrinaiproperty of a node) are
significant drivers of new incominggstrlinks to a reviewer (i.e., inlinks to a node). Interestingly,
time is an important moderator of these efiettte number of recent reviews written has a
stronger effect than the effect of the number of recent inlinks received on the current rate of
attracting inlinks; however, the aggregate number of reviews written in the past has no effect, while
the aggregate number of inlinks obtained in the past has a significant effect on the current rate of
attracting inlinks. This leads to the novel and impamgh¢ation that, in a network growth
setting, intrinsic node characteristics are a strongeteshodriver of additional inlinks, while the
preferential attachment effect has a smaller impact but it persists for a longer time. | discuss the
manageriaimplications of the results for the design and organization of online review communities.
In the second essalearning from Peers on Social Medéa |IRtatéstigate the knowledge
sharing on a social media platform. Nowadays, and more compasibave adopted social
media platforms for supporting knowledge sharing among customers and employees, where

individuals ask and answer questions among each other. Hence, it is important to understand the



knowledgesharing behavior of users on these systgrapose a theoreticatjyounded, dynamic

structural model with endogenized knowlsdgear i ng behavi or that takes
sharing6é and oknowledge spillover, 6 which are
platforms. This matel recognizes the dynamic and interdependent nature of kneetddgg and

sharing decisions and allows them to be driven by knowledge increments-atadusobiailding

in anticipation of future reciprocal rewards. Applying this model to a unigjuef data from an
expertisesharing forum used to shore up customer support at a Fortune 500 firm, | illustrate the
dynamic interdependency between individual decisions. | show that an individual is more willing to
contribute to the community when heengeare more knowledgeable. | further demonstrate how a
ocore/ peripheryo knowledge sharing structure
from participating, and creates a barrier to knowledge sharing and integration for the company. An
exploatory sensitivity analysis shows that hiding the identity of the knowledge seeker breaks the

core/periphery structure and improves the knowledge sharing by 20.46%.



Chapter 2
The Emergence of Opinion Leaders in a Networked Online
Community: A Dyadic Modelwith Time Dynamics and a Heuristic

for Fast Estimation
1. Introduction

Opinion leadefs individuals who exert a considerable amount of influence on the opinions of
othersi are an important element in the diffusion of information in a community (Gladwell 2000,
Rogers 2003). Motivated by the seminal work by Katz and Lazarsfeld (1955), sds@acher
contributed to our understanding of opinion leaders by systematically analyzing how individuals
emerge as opinion leaders in a community (Watts and Dodds 2007), how they facilitate the diffusion
of information by their influence on the opinionstbérs (Ghose and Ipeirotis 2011, lyengar et al.

2011, Van den Bulte and Joshi 2007, Stephen et al. 2012), what the characteristics of these
individuals are (Chan and Misra 1990, Myers and Robertson 1972), and how to identify them, often
with the aim of m&eting products through them (Valente et al. 2003, Vernette 2004).

With the advent of Web 2.0, websites where consumers voluntarily contribute product
reviews, such as Epinions (www.epinions.com), have prospered in the last few years. By sharing
theromm opinions on these online forums, consul
advantage of such activity being online is that it may be possible to track the flow of influence
among the members of the community. For instance, Epinions employs rmectraglism in
which every member of this community can formally include members whose reviews she trusts in
her oweb of trust. o6 This |l eads to the f-ormati
degree individuals being the opinion leadernsugather websites which provide forums for user
generated content provide mechanisms of the above nature under which users can extend links to
other users whose opinions or content they value (among other reasons for forming such links),
thus leading t@ networked community. Examples of such websites include The Motley Fool
(www.fool.com) and Seeking Alpha (www.seekingalpha.com) for sharing opinions on topics related
to financial markets, YouTube (www.youtube.com) for sharing videos, IMDb (www.inatidcom)
Rotten Tomatoes (www.rottentomotoes.com) for sharing opinions on movies, yelp (www.yelp.com)
for sharing information on local food and entertainment and, last but not the least, social networks

such as Facebook (www.facebook.com).



Among thousands ofekerogeneous online reviewers in such communities, which ones
emerge as opinion leaders? How do their intrinsic characteristics versus the#ewatwork
characteristics influence their statuses as opinion leaders? What are the major factorsehat influenc
i ndividual sd <consi der atoveotifenotlie cantext ef a netwerked e we r
community with links in the network denoting opinion setttiege essentially become questions
regarding the factors influencing the evolution of theorletWWherefore, we embed influence
through opinion sharing in a network growth paradigm and, using a unique dataset from Epinions,

we investigate the emergence and dynamics of opinion leadership in a community.

Several researchers have illustrated é¢iabrk structudd ased factors such
degree, reciprocity and transitivity, have a significant impact on the formation of ties (Barabasi and
Albert 1999, Holland and Lienhardt 1972, Jones and Handcock 2003, Merton 1968, Narayan and
Yang 2007). Arominent theory is the preferential attachment theory, which suggests that nodes
with more existing incoming links, as compared to nodes with fewer existing incoming links, have a
higher probability of receiving additional incoming links. However gitteoafhetwork formation
of the intrinsic characteristics of the nodes themselves isstunlied (with a few notable
exceptions, e.g., Kossinets and Watts 2006, Stephen and Toubia 2009). In our context,
characteristics of reviews written serve as natdal characteristics (for instance, is a review
written recently, and is it written comprehensively and objectively). A main objective of our paper is

to understand how these intrinsic node characteristics influence network evolution.

One of the key feates of online review communities is that the network structure and
individual behavior are dynamically changing over time. For example, over time, reviewers may
receive new incoming trust links and also contribute new reviews, both of which increase their
attractiveness to other members of the community. Compared with offline social networks, the cost
of changing structural and behavioral characteristics is smaller in online settings, and therefore the

dynamic properties may become very salient. Astahlreauthe timehanging characteristics of

1This method of employing the numberirafoming links as a proxy of measuring opinion leadership is called the
sociometric method and has been used widely before in sociology and marketing (Burt 1999, lyengar et al. 2010, King
and Summers 197@his method fits our context well, because arlargnber of incoming links can lead to overall

higher influence.dRiewers with a larger number of incoming trust links are easiedtefiodheir network position.

In addition,they are trusted by more members in the community and this alsodogfidesce in the new readers,

which makes it more likely that they will influence people who findinhertality, we can conclude that reviewers

who have larger number of incoming links are thenotirekigher opinion leadership.

2 A large literaturexists on diffusion of information over an existing network or in a community. Note, however, that

our work differs from thabovebecause our focusars the formation of the underlying network itself.



individuals influence the formation of ties is a question of great importance in understanding how

online review communities develop, especially given the recent explosigeiretested content.

To answer thse research questions, we develop dedyghgbroportional hazard model of
net work growth and estimate it on the networ |
Epinions. We find that while network structuased factors such as preferentiatanent and
reciprocity are significant drivers of network growth, intrinsic node characteristics such as the
number of reviews written and textual characteristics such as objectivity, readability and
comprehensiveness of reviews are also significaas dsfvnetwork growth. Interestingly, the
recent number of reviews written by a reviewer has a strong impact on the rate of increase of
opinion leadership status for the individual, while the past number of reviews written has no
statistically significaimipact. In contrast, if we also divide the 4pased inlinks for a reviewer into
recentlyobtained inlinks and past inlinks, we find that both have a statistically significant impact on

the rate of increase of opinion leadership status.

Taken together, we find that time is an important moderator of the impact-basede
and network structiigased characteristics on the tie formation proceskebased
characteristics are significant steornh drivers of additional inlinks, while tie#work structure
based preferential attachment effect is a loegerbut less effective driver of additional inlinks.
This novel finding provides a deeper understanding of how opinion leaders emerge in online
communities, and contributes to the thedrgemerative models of large networks. This also has
important managerial implications for the design of omhemng websites, which we discuss

later.

To add to the above substantive findings, we also contribute to the methodology of handling
largesale social network datasets. Review and reviewer characteristics change over the time period
of our study, and timearying covariates need to be taken into account when modeling the growth
of the social network. To deal with the overwhelming computagqonakments of a dydalel
proportional hazard model with thverying covariates, we develop a novel Markov Chain Monte
Carlo adaptation of the Weighted Exogenous Sampling methodology (Manski and Lerman 1977).
Our Weighted Exogenous Sampling veith |Bleyes@&ESBI)methodology reduces the time of
estimation by an order of magnitude, while still providing valid estimates. Thus, our methodological
contribution is the development of a fast hierarchical Bayes inference technique for estimating dyad

level network growth models with tiwagying covariates. We also extend the weighted exogenous



sampling methodology from binary models to duration models. In a technical appendix to this
paper, we report results of a comprehensive simulation studygcaviange variety of possible
network structures characterized by different parameter values. For each network structure, we show
that by sampling a small proportion of the total observations, we can recover the true network
generating parameters with raghuracy using WESBI.

The rest of the paper is organized as follows. In Section 2, we develop the theoretical
foundations motivating our empirical work. In Section 3, we develop a proportional hazard model
with timevarying covariates to estimate thecetienetwork and reviewer characteristics on social
network evolution. In Section 4, we describe the Epinions dataset we constructed and our variable
definitions. In Section 5, we develop and explain our novel estimation methodology and present the
estmai on results of the model on data from the
provide several extensions and robustness checks for our basic model. In Section 7, we conclude by

discussing the implications of our study and potential futlaechese
2. Theoretical Foundations

In this section, we provide theoretical justifications for the various concepts and constructs that we

incorporate in our netwotkased model of opinion leadership.

In the past decade, sociologists, physicists and cosgpeigists have empirically studied
networks in such diverse areas as social networks, citation networks of academic publications, the

World Wide Web network, email networks, router networks, etc. A property frequently identified in

networks across thedeo mai ns i s the oOscale freed propert
network is said to be oOscale freedé i f its deg
(Barabasi and Al bert 1999). | n tok at E@nionsns@lsoy , we

a scale free network. The most widely accepted network growth phenomenon that produces a scale
free network is the preferential attachment (
In the context of Epinions, thegferential attachment argument would imply that individuals who
already have a high number of inlinks would be proportionately more likely to receive new inlinks.
An explanation for why the preferential attachment effect is observed is that individuals who
possess social capital can leverage it to receive more social captial (Allison et al. 1982, Merton 1968)
In a community of reviewers, higfiatus reviewers (ones with higbdegree) would be considered

more attractive for seeking opinion from (Bonat@3v, Gould 2002). This implies that people



would like to select higdtatus individuals and this process will beeselbrcing. Furthermore, by

design, Epinions prominently displays the reviews of reviewers with hidggseds (i.e., reviews

of the reviewers with the most number of followers). This provides higher visibility to such
reviewers and hence a greater chance of getting new links (Tucker and Zhang 2010). Motivated by
the above arguments, we incorporate the preferential attachmentmpmaess®del by assuming

that the probability that individuaégred f or ms

In social psychology, another network phenomenon calletkwslackciprocity has been
considered as one of the key drivers @&f fimmation in networks (Fehr and Gachter 2000,
lacobucci and Hopkins 1992). Reciprocity refers to responding to a positive action of another
individual by a positive action towards that individual (Katz and Powell 1955). In the context of
Epinions, we irarporate reciprocity in our model by assuming that individual A is more likely to
put individual B in her web of trust if B has already put A in her web of trust.

While preferential attachment and reciprocity are ndvasekl effects (nodkevel and
dyadlevel effects) and have been considered to be important drivers of network evolution, they fail
to explain many network dynamics that one observes. For instance, an underlying problem with the
preferential attachment framework is that it does not explgia person could be replaced by
another as an opinion leader over time. If the preferential attachment were the only mechanism, we
would expect that a person with a large number of incoming links will receive a proportionally larger
fraction of new incomg links. In other words, an opinion leader will continue as an opinion leader
forever without exerting substantial effort (even though new opinion leaders may emerge). A simple
examination of the Epinions data illustrates that this is not thespasdcally, after a popular
reviewer becomes inactive for a while, the number of additional incoming links that she obtains in

every period decreases dramatically.

We argue that a -netwvatkecbasactaristics)ncarehelp ds eXplaim such
dynamis. For instance, if an opinion leader becomes inactive and stops writing reviews, others will
prefer to seek the opinion of a reviewer who is active and provides fresh information. In other
words, time is likely to be an important moderator of the impampioion leadership of node
characteristics such as the number of reviews contributed by an individual. While the total number
of reviews should have an impact because more reviews provide more information, recently written
reviews are likely to have leigimpact because they are more likely to provide new information.

For instance, new reviews are likely to be about new items for which few reviews exist, or

10



mayprovide newer insights on old items. (Stephen, Dover and Goldenberg (2010) suggest similar
ressoning in an online diffusion context.) To understand this, we divide the reviews written by every
revi ewer into oOrecent reviewsodé (written in t
reviewso (older than one tap dddmultareoudly uaderstangd s t
whether time also moderates the impact of preferential attachment, we divide the trust links
obtained by a reviewer into those obtained recently (within the last one month) and those obtained
in the past (older than oneonth). We can expect recent reviews to significantly influence the
current rate of incoming links, and past reviews to not. We can also expect preferential attachment
to have a significant influence. However, this is still an empirical question (dspeacaaglyitudes

of these effects) which we answer using our formal model.

A related stream of literature has established that the attributes of a review such as its
readability and comprehensiveness maygeptaf fect
of the reviewer (Ghose and Iperoitis 2011, Kim and Hovy 2006, Liu et al. 2007, Otterbacher 2009,
Zhang and Varadarajan 2006). Reviewers may also express their subjective opinions or objective
facts, and a mix of both may be most preferred. In wibrels, textual characteristics of reviews

can influence opinion leadership, and we test this formally as well.

Finally, relationships between individuals offline are often characterized by homophily,
which refers to a tendency for people who belotigetsame demographic or social category, such
as age or gender, to be connected to each other (McPherson et al. 2001). There is some uncertainty
about the extent to which sharing a demographic or social category produces homophily in an online
context (VanAlstyne and Brynjolfsson 20053) appears that while similarity in demographic
categories does not lead to tie formation in an online context, similarity in certain latent constructs
(as measured by expressed characteristics in reviews) leads totitia. forntlhe context of
Epinions, the expressed characteristics to measure homophily could be the review writing styles. We
expect that those pairs of individuals who have similar review writing styles would be more likely to

form ties with each other, awé incorporate this into our model.

3. Model Development

11



We develop a stochastic network growth model conceptualized at the dyad level with directional
ties® Since networks evolve over time, network tie formation data is typically right censaed. Henc
instead of modeling tie formation as a discteiiee process, we model it as a timing process by
using a proportional hazard model (Greene 2003), i.e., there is a baseline hazard rate for tie

formation, moderated by dyaahd directiorspecific quarttes. We describe this below.

Consider the formation of a directed tie from individizalndividualj. We use the time
period for which both individualandj have been present in the community as the starting point of
the timing process for this potential tie, and denote the time from the start to the current time as

The hazard rate for tie formation froto j is denoted as:

0O _ oex@
In the above,_ 0 is the baseline hazard rate at timwhich describes the inherent
propensity of two individuals to form a link without considering other factors. We assume that

_ 0 follows a Weibull distribution to allow for a flexible eskhzard rate:

_ 0 || 6 hhmilon T
The quantitg x @ increases or decreases the baseline hazard rate for the formation of a directed
tie fromi to j at timet, based on the values of timagying dyadand directiorspecificcovariates.
Weinterpreds as t he oO0adjustment factoritoexfendralnktoe | at
nodej at timet, conditional on this not having happened yet. This conditional probabiiityiid
to j increases witts , and it incorporates the various covariates that are expected to influence link
formation (based on the theory discussed in the previous section» Weeléhe set of sender
receiver and dyagpecific covariates for the dypdt timet. Then,the above can be written as
@ » 7, wheres is the vector of coefficients for . We discuss in detail the different

covariates included i in Section 4. As an example at this point, note that we can incorporate the

preferentibattachment process by including the cov@riatg r, &vldch is the hilegree of node
at timet. (In other words, if the coefficient @re g r ie larger, then the probabilityi extending

a tie tg at timet is higher.)

3 Some other papers that devedtqrhastic modelsr networkphenomenanclude Ansari et al.
(201), Braun and Bonfrer (20 1Handcock et al. (2007), Hoff et al. (2002), Robins et al. (2007) and
Snijders et al. (2006).
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While the above incorporates observed characteristics, we also need to control for
unobserved characteristics in a dyad. For example, the sender nodes could be inherently more active
(or passive) and the receiver nodes could be inherently more atiractigtractive). To account
for this, we incorporate nodpecific unobserved effectsas » 7 @ @, wherad is the
sendespecific unobserved random effecijandotshat ac
thereceiveppeci fi c unobserved random effect j)(that
The senderand receivespecific effects of the same individual are allowed to be correlated with

each other as:

& U WL

Furthermorethe extant sociology literature considers homophily as a key driver of link formation in
a social network (McPherson et al. 2001), which implies that links are formed between similar
individuals. We explicitly incorporate both observed and unobsenggahiom our model. The
observed similarity in behavior is captured usinegspgatdic variables n , and the unobserved
dyadspecific homophily is captured by using a-sfyacific unobserved random eff€rt, as

6 =& 1 +® & 'Q, wheréQx 0 w0mh, .*Furthermore, we assume that the dyad

specific unobserved effects are symmetridy =0, .

We can preseadi above in a simplified manner by aggregating the randastetfether

with the corresponding covariates as:
W el eI O e o Q ,

where» e e e andn contains coefficients for sendeecific covariates, for
receivesspecific covariates and for dyadspecific covariates. Therefare;s @ is the sender

effecte 7 @ is the receiver effect amd 5 ‘Q is the dyad effect.

We now derive the conditional likelihood fumctor the above model. We fix the unit of
time in our model as one month. Our data is right censored because we do not observe whether ties

are formed or not after the end of our observation time windo@. betthe number of time

4 A richer approach for capturing unobserved homophily is to cluster individuals in multi
dimensional space representing latent characteristics. See Braun and Bhrfbea(2€dcellent
application.
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periods for whiclilyadQfas been observed, &idbe the length of time from the starting point
to the time period whéf@xtends a tie f@ (Note thath andd are always equal, B¥tis, in
general, different frorfiy .) We definel pif 'Y o (i.e., if a tie formed within the
observation time) and O otherwise, ®nd f | d cErfYRS . We present this graphically in
Figure 1.

Figure 1: lllustration of Link Formation Time and Censoring Time Used in the Model
(In this figure, and k;= T, and\. = and k;= C;.)

//’

I I I I >

. .

Reviewer ‘®nters Reviewer (nters  “Quts n her  End of observation
community community web of trust window

Using thenotation above, the lagpnditionalikelihood function (i.e., conditional on
knowing a specific directed dyadods | atent par

«

1 10C V3T AGPAGPTQ Yy O QO Q

B A@Po » 8 & & 0Q (1)

where 0 1 1._C _ 6'Q6. (See Appendix | for the detailed procedure of deriving this

expression.)

14



Before we proceed further, we make a few notes. First, the above model does not account
for unobserved heterogeneity either in the baseline hazard rate, or in the coefficients for the
covariates. We use this simple (yet still quite rich) model for oanladssis, and then extend it in
Technical Appendix Il to include both kinds of heterogeneity above. Second, a key distinction of
our model from most other stochastic models of network growth (including the Barabasi and Albert
(1999) framework) is thatode models typically do not predict which and when two nodes will
form a link whereas we model this explicitly. Finally, while our model above shares some
commonalities with Hoff (2005) and Narayan and Yang (2007), we extend their models in many

way$ mostimportantly, we incorporate tirmarying covariates which they do not.
4. Data

Data Description

Epinions allows reviewers to post reviews, and allows them to put other reviewers whom they trust
in their oweb of trust.déd Reviews are organi ze
Music, Electronics, Home & Garden, etc. Reviews in diffgosluct categories may have different
properties, and communities focusing on different products may have different preferences. For
example, reviews that focus primarily on objective details of products may be preferred for
electronics but not to themsa extent for movies. To avoid mixing the different preferences of
people reading and writing reviews in differe
community. We further restrict our focus on registered members who have at leashevritten
review on any movie, to ensure that the individuals in our dataset indeed have an expressed interest

in movies. We relax these constraints on data collection later in Section 6.

To crawl our data on the network of movie reviewers, we first consreot@grehensive
list of feature films released between 1888 and 2008 as listed on http://www.imdb.com/year, and
took the intersection of this list with movies reviewed on Epinions. This process gave us 19,851
movie titles. Next, we searched for all revigvitten for any of these movies on Epinions, and
constructed the list of reviewers who have written these rewiews.this list, we selected
reviewers who registered at Epinions between January 2002 and Decefriber €868 of these
reviewers, weollected data on which others they added in their web of trust and at what time, and

5We consider individuals who started their activity only after 2002 because the information about
the dates when web of trust ties between individuals were formed is not available for ties before
January 2002, which leads to acégisoring problem.

15



constructed the full network of trust among these reviewers. In addition, for each reviewer, we

crawled the full text of each review she wrote and the date when itteras wri

The resulting dataset contained 6,705 reviewers with 2,315 ties among them (out of
44,950,320 dyads) and a total of 27,634 reviews written. We further divided this dataset into a
calibration sample and a holdout sample. The calibration samptedaoetaewers who entered
the movie community between January 2002 and December 2005 (5,180 reviewers who formed
1,906 ties with each other, and wrote 21,049 reviews). The holdout sample, employed to evaluate the
model 6s predict i v dreyewarsfiwbaenmereddthe movie comraunity beéveen o
January 2006 and December 2008 (1,525 individuals who formed 160 ties with each other, and

wrote 6,585 reviews).
Variable Description

As stated before, the variables that we employ can be dividecdetatbgories: receigpecific

covariates, sendgpecific covariates, and dgpdcific covariates.

Receiverspecific covariates: This category consists of variables that provide information
regarding the intended receiver of a potential tie, andemd¢he aggregate number of reviews
written until timed p, the additional number of reviews written at dintkee total number of
incoming links until tim@& p, the additional incoming links at tie and the average
comprehensiveness, readability @bjectivity scores across all reviews written untib biynéhe
receiver. Among these variables, the total number of incoming links uriil finzad the
additional incoming links at timare measures of the opinion leadership status of Hiisereat
timeo. If the preferential attachment effect is prominent in our data, then the coefficients for these
variables will be positive and significant. The aggregate number of reviews writterountlisme
used to measure how active a reviewsr deen until timé p. T h e c @&vadaplé,
constructed as the additional number of reviews written in timeg(@eqadn the last one month)

measures how active a reviewer was in the most recent period.

We use the text mining tddhgpipéAliasl 2008) to process the texts of the reviews, and
obtain text properties such @asmprehensivengsgadabilityand objectivityfor each review. We
use the number of sentences in the text of a review as an indicator of the Comprehensiveness of the
reviewi generally longer texts contain more information, thus are expected to be more

comprehensive (Otterbacher 2009).

16



We measure theeRdability of a review by measuring the complexity of its writing style by
calculating th&unningFog Index (GFIpf the text of the review. This is a widely used measure in

linguistics (DuBay 2004), and is calculated using the following formula:

Readabtly = GFI = 0.4*(average sentence length + number of hard words for each 100

words),

wh er learad ®is defineddas a word with more than two syllables. Note that a larger value of

Readability for a review implies that the revieardgtio read.

To calculate the Objectivity of each review, we follow Pang and Lee (2004) and classify each
sentence in the review as an objective or a subjective sentence (automated uatwyradyigh
Support Vector Machine classifier-tpagned for movies on a largevie dataset, developed in
Pang and Lee (2004)). In this case we follow the standard definition in the Machine Learning
communityi an objective sentence is one that talks about the plotline of the movie, and all other
sentences are classified as subjeStiieequently, the Objectivity of a review is defined as the total

number of objective sentences divided by the total number of sentences in a review.

Epinions designates certain reviewers as
their profile.lt is reasonable to expect that reviewers with a rank label will obtain more trust links.
We therefore include a covariate o0ls Top Revi
that viewers do not know the exact rank of each reviewer and ong olhether the reviewer is a
0Top 10,6 o0Top 100,06 or OTop 10006 reviewer,
values of this covariate as 3, 2 and 1 if the reviewer is in the top 10, top 100 or top 1000,
respectively, and O if the reviewei s not on the oO0Top Reviewer o6 |

on a log scale based on the range in which the true rank falls).

Senderspecific covariates:This category consists of variables that provide information on the
sender of a potential tiend include the aggregate number of reviews written undil éinakthe

total number of outgoing links from this sender until diniEhese variables are employed to
control for how active a sender is. We would expect that senders who were mandlacipast

have a higher probability of extending links to other reviewers at a given point in time.

Dyad-specific covariates:This category consists of variables that provide information regarding
the dyad in question and include measures for régiptommophily and commonly trusted

reviewers between the two individuals in the dyad. In our research, we measure reciprocity as a
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binary variable. If tie frofto ‘Qalready exists at timhethe reciprocity variable equals 1, and 0
otherwise. We ihade the absolute differences in average readability, average objectivity and average
comprehensiveness of the reviews writtenaby j as observable measures of homophily. As

mentioned earlier, we include a dgadl termQ , to account for unobs&able homophily
betweerfand’Q

Finally, if the sender and receiver are connected to the same nodes then, as past research has
shown, there is a higher chance of a link being formed (Hill et al. 2006). Therefore, we include as a

covariate the commagnirusted reviewers between the sender and the receiver. Note that while our
core hazard process treats dyads as independent, introducing this covariate relaxes that assumption.

In Table 1, we provide the variable definitions and descriptive statighesd variables

for our data for the OMoviesO community.
Table 1: Variable Definitions and Descriptive Statistics
. i Descriptive
Variables Definition Statistics*
Receiver Characteristics
Recei ver 8s Pr The aggregate number of reviews written untibtime 1.34(5.15
Recei ver 0 s C The additional number of reviews written at ime 0.07(0.623
Receiverds  Theaggregate number of incoming links untiltime 0.68(15.6)
PrevAggOpnLeadership
Recei ver &8s Ct The additional number of incoming links at time 0.02(0.49

Comprehensiveness The average comprehensiveness of reviews unél time 14.41 (17.94)
Obijectivity The average objectivity of reviews until ime 0.21 (0.21)
Readability The average readability of reviews untildime 14.06 (11.90)
Top Reviewer Label The rank of the receiver 0.0101(0.1002)
timeo
Sender Characteristics
Sender 6 s Ag gF The aggregate number of reviews written untibtime 1.41 (5.32)
Sender 6 s Ag g (Theaggregate number of incoming links untildime 0.71 (15.63)
Dyad Characteristics
Dissimilarity in Objectivity ~ The absolute difference betweegrage objectiviy of 0.02 (0.08)
reviews by sender and receiver untildgime
Dissimilarity in The absolute difference betweesrae comprehensiveness 1.84 (7.95)

Comprehensiveness

of reviews by sender and receiver untildime
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Dissimilarity irReadability =~ The absolute difference betweesrae readability of review 1.79 (9.43)
by sender and receiver until time

Reciprocity Whether the link from receiver to sender exists abtime ~ 0-0003 (0.0160;

Commonly Trusted The number ofeviewersrusted by botlsender and receive 0.0022 (0.0697

Reviewers at timed

*Number s out si de bracket s ar e t he means for t he
corresponding standard deviations.

5. Estimation and Results

Estimation Methodology: WESBI

We have 5,180 individuals in our calibration dataset, which generates 26,827,220 dyads. Since we
need to calculate the hazard rate for each of 48 time periods for each dyad (January 2002 to
December 2005), the total amountahputation is very time expensive. This is a challenge that is

often encountered in large scale diy\a@l studies of networks (e.g., Braun and Bonfrer 2011).

We develop a new methodoldgymeet the gap between the huge amount of data that
needs to be processed and the limited computing power at our disposal. One of the key
characteristics of our dataset is that the proportion of the dyads that actually form a tie is very
smalfi only 1,90@ies are formed out of the nearly 27 million ties possible. To strike a balance
between accurate estimation and computation time, we adapt the weighted exogenous sampling
maximum likelihood estimator first developed in the ehagmd sampling literatinyge Manski and
Lerman (1977) for discretkoice data. We extend the weighted exogenous sampling concept to
timing data and also develop a Bayesian inference procedure for estimation and name our technique

asWeighted Exogenous Sampling with BayesianES&i

To employ this method, we collect all of the dyads which actually form ties within the
observation time window, and randomly sample from the dyads which do not form a tie within the
observation time window. By aggregating these two sewdsf as construct a much smaller
dataset (we call this smaller dataset asathpled dajaséhd then, instead of maximizing the
expression in Equation (1), we use the followrightddg-conditionalikelihood function for

Bayesian inference over oaw dataset:
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0 andv are the weights of the tognditionalikelihood functions for the ties that were formed

1- Ql Ql

and the ties that were not formed, respectively. We T H andw, :W’ wherg) is the
- h 1
fraction of the ties formed in the whole population,;@né the fraction of thees formed in the

sampled dataset.

We estimate the parameters of our model by using a MCMC hierarchical Bayes estimation
procedure, using a Gibbs sampler and the Metrbjaditigs algorithm. The full estimation
procedure is provided in Appendix Il. Technical Appendix |, we show using a comprehensive
simulation study that the WESBI method can accurately recover model parameters in a wide range
of settings. Specifically, we find that sampling 10% of the empty dyads (and using all the dyads that
actudly formed ties) works well. Therefore, for the Epinions dataset, we sampled 10% of the dyads
that did not form a link during our observation window. This final sampled dataset has 1,906
established ties, and 2,682,531 pairs that did not form a tieh&ésgnation for the full dataset
requires us to compute the likelihood of tie formation for 26,827,220 pairs given parameter values in
each MCMC iteration, now we only need to evaluate the likelihood of tie formation for 2,684,437
pairs in the sampledtdset. Commensurate with this reduction in data, we reduce the estimation

time by one order of magnitude while still obtaining accurate parameter estimates.

We highlight WESBI as a powerful estimation methodology that can be used for speedy but
accurate stimation in other dyddvel network studies as well. Nevertheless, it is advisable for
future users of WESBI to test its accuracy in settings which differ widely from those presented in

our simulation results.

Estimation Results
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We estimated our modeh iMatlab using the procedure in Appendix Il. To reduce the
autocorrelation between draws of the Metreplal&ings algorithm and to improve the mixing of

the Markov chains, we used an adaptive Metropolis adjusted Langevin algorithm (Atchade 2006).
We usedthe first 100,000 draws for bamand the last 25,000 to calculate the posterior
distributions. To assess the convergence of the Markov chains, we ran multiple chains using a set of
overdispersed starting values and calculated the-etithim variancas well as betweehain

variance for the chains for each parameter. The resulting scale reduction factor (Gelman et al. 2003)
for each parameter is very close to 1. In the first column in Table 2, we present the posterior means
of the coefficients in ounodel, after we standardize the values of all covariates. We discuss these
results below.

Table 2:ParameterEstimatesfor Networks of Different Communities

Variables Movies EI\)I(gt?/\?odrid Cars I_g);?gei‘
Receiver Characteristics
Receiverods Prev 0.1278 0.1094 0.1578 0.1889
Receiverd6s CurR 0.8981*** 0.5361*** 0.5997*** 0.5046***
Receiverds Prev 0.4283*** 0.3596*** 0.4996*** 0.3370***
Receiverds Cur O 0.3048** 0.2167*** 0.3710*** 0.2961***
Comprehensiveness 0.3681* 0.1668* 0.0920
Obijectivity -0.1706
Readability -0.1319 0.0855 -0.1537
(Comprehensivenexs) -0.4609*** -0.3571%** -0.3302***
(Objecivityj -0.1147
(Readability) -0.5193*** --- -0.3886** -0.2408***
Top Reviewer Label 0.1478*** 0.1845*** 0.1939*** 0.1648***
Sender Characteristics
Senderds AggRev 0.3178* 0.0899 0.1636 0.3315*
Senderds AggOut 0.1873 0.2604* 0.2876* 0.1311
Dyad Characteristics
Dissimilarity in Comprehensivene: -0.1695* --- -0.2447* -0.2875**
Dissimilarity in Objectivity -0.2079* --- ---
Dissimilarity in Readability -0.0583 --- -0.1866 -0.1683**
Reciprocity 0.3007*** 0.1379*** 0.3679** 0.3488***
Commonly Trusted Reviewers 0.2059*** 0.1705* 0.2884*** 0.2224***

Hazard Rate Parameters
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Log( a -13.7542%** -17.4816*** -13.4542*** -12.5319***
Log(a -5.0568 -4.8296 -4.4363 -3.8514
0.1232*** 0.1941*** 0.2006*** 0.3232***
0.3650*** 0.3586*** 0.3883*** 0.2846***
y 0.2615*** 0.2205*** 0.4325*** 0.1823***
DY 0.1068*** 0.1593*** 0.1849*** 0.1072***

***_, ** and * denote that the 99% credible interval, the 95% credible interval, and the 90% credible interval, respectively,
does not include zero.

ReceiverSpecific Effects: We find that the coefficients for opinion leadership (both
PrevAggOpnLeadership and CurOpnLeadership) are positive and significant. This offers evidence
for the traditional preferential attachment argument where individuals with more incoming links
have ahigher probability of receiving additional incoming links in the current period, given
everything else equal. The coefficients for the impact of reviews written by a receiver tell an
interesting story. The coefficient of the number of reviews writtendartent period (CurReview)

is positive and significant, while the coefficient for the total number of reviews written until the
previous period is insignificant (PrevAggReview). Intuitively, this indicates that only recent reviews
boost a r ¢ation and attragtsother mdividuals in the community to put her in their
respective webs of trust. On the other hand,
decisions of extending outgoing links to her, and do not contribute to the emarglece
maintenance of opinion leadership. Note, however, that the coefficient for CurReview is larger than
the coefficients for both PrevAggOpnLeadership and CurOpnLeadership.

Taken together, these results tell an interesting sémgneview activity is a stronger
driver of opinion leadership status than preferential attachment, but preferential attachment is a
permanent effect whifgastreview writing activity does not have a significant effect. This is likely
because trust links aret dated and therefore get valued as endorsements even if a long time has
passed, while reviews become less valuable as the novelty of information they provide reduces as
time passes. Therefore, existing opinion leaders (those who have a large imlinksraoé at an
advantage in terms of maintaining their position in the network. Contributing new content can also
boost an individual ds opinion | eadership stat
leads to new trust links quickly ntileese added inlinks will contribute to future opinion leadership

increase through the preferential attachment effect.
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A reviewds textual characteristics also ha
leadership. The coefficient for Comprehamess is significant and positive, and that of the
squared term of Comprehensiveness is significant and negative. This indicates that members of the
movie review community have an invershaped preference where reviews that are somewhat
longer thanaerage length are most preferred, while reviews that are either too long or too short are
less preferred. The coefficient of the linear term of Readability is insignificant, while the coefficient
of the squared term of Readability is negative and significia indicates that reviews with an
average value of Readability are most preferred, while very simple or naive reviews and very hard to
read reviews are less preferred. The Objectivity of a review does not have an impact, possibly
because readers niewe varied preferences for objective versus subjective reviews, leading to an
overall null effect. We also find that ar®pewer label has a significant and positive impact on link
formation in a dyad.

SenderSpecific Effects: We find that the aggreganumber of reviews written by a sender
(AggReview) has positive and significant impact on the probability that the sender extends ties to
other individuals, which may indicate that there are some reviewers who are more involved in the

communityi they wrie reviews as well as develop their web of trust.

Dyad-Specific Effects: We find that reciprocity has a positive and significant impact on the
formation of network ties, which is in agreement with many other studies. Our results for the
dissimilarity of t¢ual characteristics between two reviewers also support the traditional homophily
argument. This is clear from the negative coefficients for dissimilarity of comprehensiveness and
objectivity. We also find that the number of commonly trusted reviewerssigagficant and

positive impact on the formation of a link in a dyad.

Baseline Hazard Ratefrom the hazard rate parameters in Table 2, we can see that, as expected,
the general tendency of forming links is relatively small in this online communip8t ¢

pT) . Furthermore, we find that the reviewers?od
time | T8t 1T @, Which is similar to the effect of decreasing activity over time typically observed

for individuallevel activity in the custordsase analysis literature (e.g., Fader et al. 2005).

Unobserved Random EffectsThe fact tha; h, and, are significant indicates that random

effects at the sender, receiver and dyad levels exist in the community, above and beyond the
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covariateshtat we use in our model. Moreoyer,is significant and positive, which suggests that

reviewers who are intrinsically more attractive are also more active in extending links to others.
Model Performance

To test the performance of our model, we usealternative models as benchmarks: 1) a time
invariant hazard model with all covariates (as in Narayan and Yang (2007)), and&yiagime
hazard model with only network characteristics (and ndevetieharacteristics) as covariates (i.e.,
Receivey s PrevAggOpnLeadership, Receiveros Cur Op
Reciprocity and Commonly Trusted Reviewers). Traditional model performance statistics that
provide accuracy measures averaged over all dyads cannot serve as good measthedibscau
formed in the network are extremely sgafsmter et al. (2008) proposed procedures to evaluate
how well a model fits real data in a social network context based on key structural properties of the
network. Hunter et al. (2008) proposed @edigtribution, dyadise shared partner distribution,

and the distribution of geodesic distances as test statistics to assess thefgitodhessial

network data. However, Hunter et al. (2008) proposed these statistics for an undirected network. As
we deal with a directed network, we usgegnee distribution, dyadse commonirusted

reviewer distribution, and the distribution of geodesic distances as our model fit statistics. All the

test statistics we report in this section are with respleettoldout sample.

We first calculate the values of the test statistics for the holdout period of the actual
network. We then simulate tie formation in the holdout period using our full model and the two
benchmark models. We calculate the test stafmtieach model by running the simulation 200
times. We compare the distributions obtained from our full model and the two benchmark models
with the true distributions in Figure 2. In each figures-éxés depicts the test statistic, whiris
depids the percentage of individuals or dyads corresponding to the test statistic in the holdout
sample (on a log scale). The solid black dots represent the test statistic from the actual dataset, and
the boxesandwhiskers represent the corresponding statigtiross the simulated datasets. The
whisker represents the upper and lower limits of the 200 corresponding simulated network statistics.
The box represents the™2fd the 75 percentile. If a box is missing for a specific value of a
network charactstic, it indicates that there is not even a single corresponding observation across
200 networks. (For example, in the first panel in Figure 2(a), the beck Gogim e e 04 i s mi

6 Even a naive model which predicts that no pairs form ties has an accuracy of 99.99% as only 160
ties are formed among 2,324,100 possible pairs in the holdout sample.
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This indicates that among the 200 simulated networks for thevamset hazard model, no

network has a node withdne gr ee t hat is 04) .

From Figure 2(a), we can see that taegnee distribution from the full model is very close
to that for the actual network. In contrast, the -thmariant hazard model shows significant
deviations from the observed distribution fed ia g r e e  OtBe modehwdth dnlg network
characteristics included, the predictetegree distribution differs significantly when taegnee
is 02. Il n other words, our full mod el perforn
in predicting the idegee distribution. From Figure 2(b), we can see that the actual data statistics
for commonly trusted reviewer lie within the boxes corresponding to the full model, indicating an
excellent fit. In comparison, for time invariant and only network charesteraiels, the actual
data often lies outside the box or even the whiskers. From Figure 2(c), we can see that our full
model outperforms the two benchmark models on accurately predicting the geodesic distance
distribution also.

From Figure 2, we can camte that our full model (tirvarying hazard model with all
covariates) not only performs well in predicting key network statistics in the holdout sample, but is
also superior to the two alternative benchmark models. To illustrate the importancéeweélnode
characteristics, we can see that the performance of the model with only network characteristics is
always lower than our model as well as themragant hazard model. This emphasizes that node
characteristics are a major driver of link formatidha network evolution process. The time
invariant hazard model is more stable than the model with only network characteristics; however, its
performance is also significantly inferior to our full model. The above performance tests strongly
indicate thabur proposed model performs significantly better than the benchmark models, which
shows the importance of incorporating both node characteristics and dynamics into the model.

Figure 2: Performance Tests
(a) In-degree Distribution

Only Network Time-Varying

Time- Invariant Characterists Hazard Model

Hazard Model
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6. Extensions and Robustnhess Checks

In this section, we extend our basic analysis in three different ways. First, we stratify our dataset
based on opinion leadership status and findthiastrategies of forming links employed by
individuals with high opinion leadership statuses are very different from those employed by
individuals with low opinion leadership statuSesond, we consider an expanded network by
crawling data independeftcategories and also including followers of reviewers who may not have

written any review$hird, we conduct our analyses in two other product categories.
Analysis with Stratification Based on Opinion Leadership

We use the dataset described in Settion classify all individuals in our sample into two groups
based on their opinion leadership statuses. Individualsl®itincoming links at the end of our
calibration period (December 2005) are classified as having low opinion leadership status (LOLS),
and the remaining individuals are classified as having high opinion leadership status (HOLS). Based
on this, 5,100 and 80 individuals are classified in the LOLS and HOLS categories, respectively. We
then stratify all dyads into two groups based on teeofygender. The first group corresponds to

all pairs where the tie sender has low opinion leadership status, and the second group corresponds

to all pairs where the tie sender has high opinion leadership status. To illustrate how the behavior of

7 In addition to thesextensionswe also estimate a random coefficients model to capture t
potential unobserved individual heterogeneity. We find that the impact of preferential attachment
and recency are qualitatively the same as in the model with homogenous individuals. Details are
available in Technical Appendix Il
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these twagroups of senders differs from each other, we estimate our model for the two samples

separately. We report the results in the first two columns of Table 3.

Table 3: Parameter Estimates for the 0Mo\
Different Opinion Leadership
All Links That Are Formed in Only Links That Are Formed
Dataset Are Included First Are Included
Variables
Low Opinion High Opinion  Low Opinion  High Opinion
Leadership Leadership Leadership Leadership
Receiver Characteristics
Receiverds PrevAg 0.0347 0.1961* 0.0358 0.1972*
Receiverds Cur Rev 0.6368*** 0.4134** 0.6276*** 0.4017**
Receiverds PrevAg 0.3828** 0.0583 0.3811** 0.0541
Receiverds Cur Opn 0.3533** 0.0420 0.3391** 0.0392
Comprehensiveness 0.4105* 0.1951*** 0.4224* 0.2126***
Obijectivity 0.1452 -0.1374* 0.1315 -0.1417*
Readability 0.0525 -0.1271* 0.0414 -0.1378*
(Comprehensiveness) -0.5152*** -0.1022*** -0.5241%** -0.1216***
(Objectivityj 0.0436 -0.0896 0.0487 -0.0802
(Readability) -0.4960*** -0.2610*** -0.5128*** -0.2602***
Is Top Reviewer 0.1785*** -0.1432** 0.1763*** -0.1491**
Sender Characteristics
Senderds AggRevi e -0.1019*** -0.2410*** -0.0988*** -0.2429***
Senderds AggOutgo 0.0059*** 0.0900 0.0062*** 0.0816
Dyad Characteristics
Dissimilarity in Comprehensiveness -0.2319* -0.0633 -0.2332* -0.0602
Dissimilarity in Objectivity -0.1251*** -0.2205*** -0.1121*** -0.2251***
Dissimilarity in Readability -0.0468 -0.0006 -0.0438 -0.0008
Reciprocity 0.2447*** 0.4094***
Commonly Trusted Reviewers 0.1643*** 0.1909** 0.1629*** 0.1948**
Hazard Rate Parameters
Log(,) -14.7342*** -11.4360*** -15.5124*** -12.4193***
Log(,) -4.7773 -5.3882 -4.2149 -5.3251
R 0.1656*** 0.1198*** 0.1643*** 0.1219***
R 0.4253*** 0.3760*** 0.4227*** 0.3817***
) 0.3728%** 0.4617%* 0.3721% 0.4642%*+
0.1651*** 0.1867** 0.1643** 0.1899***
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*x ** and * denote that the 99% credible interval, the 95% credible interval, and the 90% credible interval, respectively,
does not include zero.

We uncover an interesting insight into the contrasting strategies for extending trust links
employed by individuals with low and high opinion leadership statuses. While low opinion
leadership status individuals extend links to others who have high preliousrent opinion
leadership status and are top reviewers, high opinion leadership status individuals extend links to
low-status individuals. One potential explanation for this finding is provided by Mayzlin and
Yoganarasimhan (2012): those with a netakork position (LOLS reviewers) want to signal their
ability by finding and linking to HOLS reviewers, while those with a strong network position (HOLS
reviewers) do not want to promote other strong individuals (HOLS reviewers) as competitors. In
addition, LOLS individuals, who can in fact be considered opinion seekers, are seeking access to
high-quality reviews for themselves, which individuals identified by others as top reviewers or
opinion leaders can provide. In comparison, the HOLS individuats wedain their followers and
gain even higher leadership status by attracting others. Hence, a high opinion leadership status
individual would not prefer to extend a link to another high opinion leadership status individual as

she may risk losing her dollers to the other opinion leader.

We now conduct a robustness check to alleviate the concern that reciprocity drives the
results presented above. We estimate our model with the same stratification of the data as above,
but, for pairs of nodes that haeeiprocated links, we include only those links that are formed first.

In other words, if A and B are two nodes with the edgeB and B A both existing, and, say,

AY B is formed before BA is formed, then we remove the eddeABfrom the data. By
artificially removing all the links that could possibly be reciprocated, we completely remove
reciprocity as a possible factor in link form&te. provide the results of the model estimated on
these data in the last two columns of Table 3. Compasegegtanates with the estimates in the

first two columns of Table 3, we find that there is no qualitative difference between the two sets of

results.
Analysis for an Expanded, Category ndependent Net wor k with oFol

Il n Section 5, we considered only the OMoviesbd

much larger, categendependent dataset in which we also include individuals who only passively

8 We thank an anonymouseviewer for suggesting this analysis.
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follow other reviewers without themselves writing argw®viro collect this dataset, in the first
step, we use al/l i ndi vi dual s i DataDds@iptaarddany i e s 0
as the seeds for network crawling. To cover the possibility that some parts of the network are
unreachable fronrhe oOoMoviesd community, we further ran
ot her product review community, such as oCar s
etc., and include them as part of the seed group as well in this step. In theepeeansdtart from

this seed group, and collect data on all individuals who are in the webs of trust of the members in
the seed group, as well as all individuals who put members in the seed group in their web of trust.
These new members are then includeithe seed group. We repeat the second step until this
crawled network stops expanding. Considering individuals who registered on the website between
January 2002 and December 2008, we obtain a network with almost twice the number of nodes as in
the calibation data described in Section 4, and includes 10,669 individuals with 3,396 ties. Based on
this much larger network, we estimate our model (without considering the textual characteristics of
reviews). We present the results in the second column oR Téhkse results show that, in this

much larger network as well, the effect of intrinsic node characteristics on the dynamics of network
evoluton differs from the effect ofietworkbased node characteristieghile the impact of

previous opinion leadershgarries over into future periods, previous reviews written have no

significant impact on the rate of forming ties.
Analysis for Other Product Categories

To check the robustness of our estimation res
OHome & Gardendé categori es. We construct t he
ourselves to reviewers who entered between January 2002 and December 2008 and wrote at least
one review on the topic of the associated comnmilhitye r e€at s 6 ngewvi ewer coc
includes 1,059 individuals with 225 ties fornm
community comprises of 1,120 individuals with 457 ties formed within the community. We present

the results for t hGarodGanrds 6c oamndu ntihte ecsHomMe té&h e

of Table 2, respectively.

9 We usedmowball sampling to colleddta forthis networkwhichimplies that we only detect
individuals whom at | east one other person ha
category, we could starthwa list of movies for which reviews were written and detect individuals

who wrote reviews but were not connected to o
and OHome & Gardeno is extremely teliddtabetforul t t o
this extension.
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As we can see in Table 2, most of tfhe resu
most notably the result that only recent reviews, and not past reviews, have an oppach

leadership status, while both past and recent trust links have am @anpacto hol d f or tF

and oOHome & Gardend6 categories. Note, however
categories, the recency effect is weaker than thaeinto Movi es é <category. On
readers in the OMovies6é community care more &

about old movies, leading to a stronger recency effect. Interestingly, the fact that this effect is salient
inboh the o0Carso and OHome & Gardend communit
expected to be |l ess iIimportant for consumer s

recency effect argument is applicable in a wide range of scenarios.
7. Conclusiors and Managerial Implications

We model opinion leadership in a community using a social network paradigm. We show that while
phenomena highlighted in the extant literature, such as preferential attachment and reciprocity, are
important drivers of network growth, intrinsic propertiesodes such as recent activity and the

style of writing reviews (objectivity, readability and comprehensiveness) are also very significant
drivers of network growth and, in our context, drivers of opinion leadership status. Our study is one
of the first toinvestigate opinion leadership in a longitudinal setting with specific details about the
opinion shared also available (such as the time of sharing opinion and the content), and we
significantly extend the emerging literature on reputation buildingtnénemvironments (Forman

et al. 2008, Ghose et al. 2009). By incorporating the time dimension into our study, we find the
novel and important result that intrinsic node characteristics are a strongemstiver of

additional inlinks, while the prefietial attachment effect has a smaller impact but it persists for a
longer time. Our results are robust and hold consistently for the several different communities and

network definitions that we consider.

Our findings have several important managewmbtesign implications for opingmring
websites. (While we discuss the managerial implications in the context of Epinions, we believe they
will be valid for the numerous other networked online opinion sharing communities as well, such as
Motley Fool,Seeking Alpha, IMDB, Yelp, etc.) The manner in which Epinions and most other
online review communities are currently designed, the presence of dominant reviewers whom a large
number of individuals already trust might hamper the emergence of rpvalifigieviewers. This

is because preferential attachment has a persistent impact on inlinks received while review
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generation does not (unless it leads to new inlinks fairly quickly). Therefore, though it is not
impossible for new reviewers who writetasgateand higbquality reviews to become opinion

leaders, it is nevertheless quite difficult. A very simple and practical managerial solution to this issue
could be to attach a olifetimed to the trust
oexepdi rafter a certain period of time. This wol
leadership status that they have earned in the past. They will have to constantly-cgheliy high
opinion, or else have to secede opinion leadership stams todividuals offering higjuality

opinions, which will lead to an overall increase in the quality of information available in the

community.

Furthermore, in any large online social network such as Epinions, it is a difficult task for
users to findrelevant individuals among thousands of candidates for relationship formation.
Epinions can leverage our results in many ways to help reduce the cost of such search. For example,
it could display the list of recentipstactive reviewers along with tegiewers with the highest
recent increase in opinion leadership. It could also develop and include a recency score for each
reviewer as additional information in its search results ranking algorithm. Epinions can also ask
readers to rate reviews on ddfer characteristics such as comprehensiveness, readability, and
objectiveness (or automate this process using text mining). It can then use these results to provide
an average score for a reviewer on these characteristics. This would help the redidgras tec
whether or not to read a review, and whether or not to extend a trust link to a reviewer. Epinions
could also provide a search tool which could allow users to search reviews for a product based on

these desirable characteristics.

Our study cotmibutes not only towards furthering our understanding of how opinion
leaders emerge in networked communities, but also underscores the importance of incorporating
nodelevel characteristics in network growth models, a factor that has received linitedimtte
the extant literature. Our results offer an explanation for why the power law coefficient-for the in
degree distribution for the particular online network from Epinions that we work with (having a
value of 1.74) is smaller than the values of paweoefficients for idegree distributions typically
predicted by the theoretical preferential attachment literature (between 2 and 4, Barabasi and Albert
1999). (Note that this is true for various other popular online communities as well. For example,
Mislove et al. (2007) finds that the power law coefficient for-dlegree distribution is 1.63 for

YouTube and 1.74 for Flickr.) Intuitively, if individuals also take inherent node characteristics
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beyond irdegree (in our case, reviewer and reviewctdratics) into account when they form ties,

and individuals do not extend links to nodes with inferior node characteristics, then superior node
characteristics could help individuals attract additional incoming links compared with networks with
pure preérential attachment. In this case, the power law coefficient efldgrar distribution will

be smaller, as we find it to be. In fact, differences in the relative importance of node characteristics
for tie formation across different networks studiedhén extant literature may explain the
differences in their power law coefficients. Following the arguments above, communities in which
node characteristics are important will have smaller power law coefficients. This suggests that when
researchers investig the evolution of a network, they should not focus solely on network
characteristics such as degree, betweenness measures, etc.; they should also take into account ho
characteristics of individuals can influence the evolution dynamics in a sockal (Metieahat

theories of diffusion over existing networks and formation of networks at-scal@atbnsider
characteristics of individuals. However, the literature, cited earlier, on generative models of large
scale networks has largely overlookedntpertance of node characteristics.) Therefore, these
findings also contribute to the vast literature on-fsealenetworks, why their madewel
characteristics may vary across different settings, and why their degree distributions may not always

be askewed as theoretical models based on preferential attachment would predict.

From the methodological perspective, we contribute to the literature on networks by
developing a proportional hazard model of network evolution that is able to capture -how time
varying covariates can influence the probability of forming a directed tie between two nodes in a
network. We extend the weighted exogenous sampling maximum likelihood estimator developed by
Manski and Lerman (1977) for binary choice data to duratiofrw#tarmore, we introduce a
hierarchical Bayesian adaptation of the weighted exogenous sampling maximum likelihood estimator
as a fast and effective way of dealing with the huge amounts of data that researchers and firms are
typically faced with in the iesation of dyadic models on network data. Often, the solution
employed is to either simplify the model to be estimated, or randomly sample a small part of the
total population to reduce computational requirements. Our method, which involves selective
samphg followed by appropriate reweighting of the sampled dyads, will help to reduce the degree
to which such compromises need to be made. The results from our simulation show that our
proposed method can serve as a very effective heuristic when dedéngevatiale network data

in a wide range of settings. However, since we do not provide theoretical proofs, we suggest that
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researchers should check the accuracy of the WESBI method as appropriate for thefosetting

using it.

Our study can motivatattire research in several directions. First, in this study we assume that
changes over time in the review writing styles (which are, in fact, minimal in our data) and in the
frequency of writing reviews are exogenous. It is possible that a reviewer ey keae and

adjust these factors based on the readersodo re
reviewer learning would be influential in understanding the important but understudied review
generation phenomenon. Second, our stratificatalysis in Section 6 indicates that reviewers are
strategic in extending trust links to other reviewers based on opinion leadership status. It may be
interesting to investigate this in future studies. Third, we have only captured link formatien and ha
not looked at link dissolution as the data that would be required are not available to us. Future
studies can try to collect such data and study the factors that affect link dissolution. Finally, it may be
interesting to consider the impact of prodeietase frequency in a category on review generation

and web of trust formation.
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Chapter 3

Learning from Peers on Social Media Platform

1. Introduction

The vast and expanding reach of Web 2.0 technology has convinced companies of the potential of
social meid platforms for knowledge sharing among customers and employees. By engaging
customers and employees using social media platforms, companies are able to harness the power of
collective intelligence, manage customer relationships and lower operatidhskenlst adopters,

Microsoft IBM, CISCO, Infosys, Dell, Sun Microsystems, etc. have utilized various types of social
media platforffwithin the company to support ideation, crowd sourcing and project management
(Bayus 2018)

Recently, a growing numbef companies have built internal online forums where
customeisupport staff can learn from their peers to help resolve customer problems. On the forum,
customessupport employees can post questions coming from customer side. At the same time,
other employes are encouraged to answer these questions. As such, employees learn from each
other, and customer service is improved by providinn-fuse services, assisting customer
learning and saving significant customer service costs. Deloitte (2010hae@ffisaft saw a 22

percent decrease in the time required for resolving customer support issues due to its use of Web 2.0

10Blogs, wikis, micrblogging, prediction marketspwdsourcing etc. are other kinds of Web 2.0
platforms that organizations typically adopt for marketing purposes. In this paper, we focus on
discussion forums that faeite knowledge sharing.

11A recent survey by the Aberdeen group reports that 30@rgarpyriseadopters who widely
harnessed social media saw a 36% decrease in the time required to enact key business changes bas
on customer feedback, while the laggargerienced a 17 percent increase. Further, the- best

class companies took three months less than the industry average to complete key strategic projects;
and took an average of 11 hours to bring a response team together for a key businese threat, whil
the industry average was 113 hours.
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platforms. As an example of a discussion forum, Table 1 shows an example of one question
followed by answers to it on an online disiom forum.
Table 1. An Example of Knowledge Seeking and Sharing in Online Discussion Forum*

Topic: How to upload an email having attachments in java for clients?

Post Type Author Time Content
Question A@xxx.com 12/11/2006  Hi,
3:06:28 PM

We have alient requirement where user needs to upload an
(*.msg) having attachments to a file server. My query is whi
is like any other file upload? Can we view the email ar
attachments again? Another requirement is the user ca
attachmentsip to 1 GB in the email. Is it feasible? If not w
should be the feasible attachment size. Any thoughts /sugg
are welcome.

Answers: B@xxx.com 12/12/2006 It is generally not a good idea to send large email message
4:51:26 AM of mail handies will not cope with messages larger than a fe\
in size. If they don't have enough space to deal with it,
message will likely be returned to you. Your message may
pass through several mail handlers before it reaches it
destination.

If the client do need to send a large file to another user, it is
set up some other arrangement than to use email. FTF
Transfer Protocol) is a very good choice for this type of task.

C@xxx.com 12/12/2006 Yes. When messages@&ved in .msg (Message Format File)
9:24:35 AM attachment is also stored as part of the file. So, .msqg file is |
other file to be uploaded. This .msg file can be opened bacl
Outlook. If the .msg file size is huge, it is better to compres
decompess using the files under java.util.zip package.

D@xxx.com 12/15/2006 | think the concerns raised by Our colleagues are all imp
9:06:57 AM Also it must be noted that the recipient mailbox should al:
able to handle the Message size. Unabdr circumstances its b

to look at alternatives.

An alternative would be store the file on a server and gene
https secured link for the file to be accessed within a sp
period. This kind of solutions require administrative task:
hencebest to get the requirements completely; and then desi
solution.

*These asking and answering posts source from a real online discussion forum within an organization.
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This type of online forum is also widely used across the boundary of the cenapargaa for

engaging customers and custesupport staff to enhance customer service. Procter and Gamble,

Dell and Oracle are just a few examples among others which gain significant benefits from such
social media initiatives. An anecdote suggestsnteat o0 di amond member 6 of [
support forum helped Dell save up to an ast
guestions (Li and Bernoff 2009). In another example, with only 14 cisstiiceremployees and

no call centers, a telecaompany adopted Web 2.0 based systems to encourage employees and
customers to answer questions on their online forum. Using this system, not only did customers get
their problems resolved within three minutes, but significant costs involved in prostoimercu

service were also saved (Buchanan 2010).

Compared with existing learning models (Erdem and Keane 1996, Erdem et al 2008), there
are two salient characteristics of l earning
peers, 60 angpiolklnoowelre.digeLear ni ng cannot be achi
other users, and users will gain knowledge in online discussion forums only when their peers
contribute knowledge to the community. Meanwhile, not only users who ask questions gain
knowkdge from reading answers contributed by their peers, but everyone else who participates in
the community also has 24/7 access to the repository and also learns from the posted answers.

These two characteristics of learning in online social mediatitighligiportant impact of
user interdependency on sustaining active participation from members of the community. In
traditional learning channels where individuals have direct control over their information updating
processes (Erdem and Keane 1996, Erdein2€08), incentive schemes of the company have a
relatively direct impact on individual decision making in their learning process. However, in online
social media platform, individual | earning pr

company policies could only indirectly influence individual learning process through improving user
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interactions. As a result, it is of great importance of understanding how the user interdependency
influences the knowledge sharing on a social mediarnplatincovering this interaction
mechanism will help the company design desired incentive structures and corporate policies which
can maximize the return of investment of an online social media platform initiative.

To understand the interdependency amodiyidual decisions, we draw on marketing,
economics and social psychology theories in the context of employee internal usage of enterprise 2.0
system and present a dynamic structural model. In this model, users decide whether to ask a
guestion, and whosggestion to answer to maximize a4@mm utility that depends on knowledge,
soci al status, and the cost of actions. The
allowing decisions of the users to depend on how all of their peers will lespemdakes into
account 0 k movvelredd gley saolilldwi ng each userds act
(knowledge and social status) of everybody in the community. Thus, the knowledge seeking and
sharing decisions of all the users are allowedntekemporally dependent. By allowing the users
to decide whose questions to answer, our model also treats the formation of the network as an
endogenous decision that is driven by knowledge accumulation astheecialilding within the
community. Ris model is in the same spirit as the +agint dynamic game with imperfect
information described by Ericson and Pakes (1995), Benkard (2004) and Bajari et al. (2007). Based
on Ericson and Pakes (1995), we focus on the Markov Perfect Equilibriusokasidimeconcept
for this dynamic competitive game. We estimate the dynamic competitive model by adapting two

step approach of Bajari et al. (2007) to the case of continuous state variables (Bajariet al. 2008).

12We considered several approaches and employ teepwestimation developed by Bajari et al

(2007) because of two reasons: 1) We have very large number of individuals in our research context.
Two-step estimationlals us to feasibly recover individual policy from observe data as in Ericson
and Pakes (1995); 2) Given our research focuses on examining how formation of network affects
knowledge sharing, we have to explicitly incorporate individual decisions-lereldydad our
model , where wutility is indirectly obtained t
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In this research, we illustrate two meishas in which decision interdependency among
members influence the efficiency of knowledge sharing within an organization. First, we find that an
individual is more willing to contribute to the community when her peers are more knowledgeable.
That is, theusers were less willing to contribute when the community needed help. We show that
this effect can be explained by a dynamic and interdependent -nedigignprocess. An
individual is more likely to receive a reciprocated reward by a more knowledgeabigycand
thus is more willing to share his/her knowledge with others in the community. Second, we find that
the community revolves around a set of central actors who are well connected with each other,
leading to the formation of a core/periphery netwstructure®. Figure 1 documents the
core/periphery structure of peer interactions among the discussion forum adopters in our research
setting. We demonstrate how the dynamic, interdependent dwraldimyn process among
individuals results in cohort fation among the centrally located users, who tend to answer
guestions from each other. We further show th
users outside of the privileged circle from participating, and creates a barrier to lsthanilegige
and integration for the company.

Figure 1. The Core/Peripheral Network Structurg

how my contribution will be reciprocated from the community. Oblivious Equilibrium framework is
not applicable in our context, because thifiadedssumes that agents only take into account
aggregate state of peers and that agents playrie@yilibrium strategies.

13Core/periphery structures have been documented in the sociology literature (McPherson et al
2001, Borgatti and Everett 2000) iana number of Web 2.0 settings: open source software (Singh
and Tan 2010), blogs (Obradovic and Baumann 2009), andlagging (Huang et al. 2010).
Central actors are active contributors to the community and are connected to both central and
peripherbhactors. Peripheral actors, by contrast, are connected to the central actors but not to each
other. Such a social network is referred to as a core/periphery network.
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a. Individuals are represented by spheres. Lines connecting two individuals represent the presence of a knowledge
sharing relationship between them. The arrows pead towards the individual who answers the question. More
active participants are indicated by larger spheres.

Our dataset is provided by a multinational IT service and consulting firm. It includes the
complete history of the custorseipport employeassing the social media platform to ask and
answer the questions that are generated when the focal company provides IT consulting service to
its client companies. Based on the dynamic and interactive decision process, we run several analyse:
to explain thdollowing phenomena: 1) the higher likelihood of knowledge sharing by individuals
when the community is more knowledgeable; 2) the formation of a cohort that discourages
participation; and 3) the greater effectiveness of proactive learning by asking cpegiared to
reactive learning by knowledge acquisition through reading. We also conduct an exploratory
sensitivity analysis to show that hiding the names of the knowledge seekers (but not the sharers)
breaks the core/periphery structure of the commamd increases knowledge acquisition by
approximatel20%.

Our research contributes to the marketing literature in the following ways. First, this is the
first paper to examine online peer learning and explicitty model the dynamic and interdependent
decision process to investigate the key factors driving user participation in a social media knowledge
sharing platform. Whil e previous I|iterature
isolated, we explicitly model the dynamic interactionsgamdividuals. Second, our study

endogenizes the formation of a social network and allows its evolving structure to affect the users'
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knowledgesharing decisions. This concept is in contrast to most of the existing literature, which
treats the social netikoas an antecedent to knowledge shartigd, we advance the learning
literature by treating knowledge sharing as a consequence of dynamic strategic interactions between
individuals. This approach is different from traditional learning models thia¢ t@ticenistic view

that individuals learn either from consumption experiences or quality signals, such as price and
advertisingManagerially, we are one of the first papers to investiggiartisgration decisions in

social media platforms. The fessprovide insights for managers who want to evaluate their social
media policy and platform designs.

2. Literature Review

Our paper is related to the marketing literature on user decision making in online communities, and
consumer learning. First, our @aps related to the marketing literature on customer behavior in
online communities. It has been shown that online social media have a significant impact on
consumer purchasing decisions in various industries, such as television (Zhang and Wedel 2008,
Chevalier and Mayzlin 2006), movies (Chintagunta et al. 2010), and publishing (Godes and Mayzlin
2004), etc. However, researchers have only recently started to investigate the dynamics of social
communities (Katona and Sarvary 2008). Mayzlin and Yoganaréd®8gppropose an analytical

model analyzing how individual heterogeneity affects the ability to post breaking news and how the
ability to find news i n t he -fdinhatog decisiohs andttheie r s i
strategic links witthéir competitors. Stephen and Toubia (2010) find that sellers in an online social
commerce marketplace derive significant benefit from connection with peers, and this benefit
primarily comes from the accessibility enhancement of the network. Narayanga(@D0/@Q

model the decision of one individual trusting another whose reviews are found to be consistently

helpful in an online review community.
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The question of why people contribute to online social media has received increased
attention in the markegnliterature only in recent years. Lurie et al. (2009) suggest that user
identities, such as expertise, social connections and symbolic incentives (forum points, in this case),
can affect individual contributions to the community. Trusov et al. (201®)shaw user sd ac
on Facebook are significantly influenced by a
(2010) is among the pioneers to employ a dynamic structural model and rationalize that individuals
contribute to connected gaogrimarily because of selpression, socistlatus competition and
consumption utility from peers. Being the first to endogenize link formation in an empirical
framework, Ma et al. (2010) simultaneously investigate the content creationfanthtiank
processes in an online review community and find that reviewers with more content and low
network status are more likely to contribute to online social media. Substantively, the most pertinent
research was conducted by Bayus (2010), who examinedrihetioondf ideas from users on
crowdsourcing platforms and found that productive individuals are likely to have creative ideas and
are unlikely to repeat their early creative successes once their ideas are recognized.

The majority of the existing resbano social communities treats the social network as an
antecedent to an outcome of economic interest and takes a frequentist perspective. Only recently
have researchers started to investigate social network formation (Katona and Sarvary 2008) and
employ gnamic structural models to better illustrate the dynamics of individual decision making
within social networks (Hartmann 2010, Kumar et al. 2010, Huang et al. 2010, Ma et al. 2010). Our
research builds on these findings and provides a more theegatizatlgd understanding of
network evolution than that which currently exists in the literature. We treat the social network as a
consequence of the strategic wihigkimizing actions of individuals.

Our work is also related to the marketing literatuoemsumer learning, which focuses on

understanding how individuals learn about the quality of a product through consumption (Erdem
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and Keane 1996), information gathering (Erdem et al 2005) exposure to quality signals contained in
the price, advertising, bding (Erdem 1998; Erdem et al. 2008; Narayanan and Manchanda 2009),
and peer choices (Zhang 2010, lyengar et al. 2008, Van den Bulte and Lilien 2001). The traditional
learning models take an atomistic view of an individual and assume that customstsa@nnot
information about the product. By comparison, we investigate peer learning on a public forum,
which is an alternative learning mechanism that is characterized by sharing and the externality of
learning. This highly distinct learning mechanisminhetey i mpl i es t hat any u
be made independently of the others (that is, it implies interdependence) and that therenis a long
spillover of knowledge throughout the community (that is, it implies dynamic and independent
decision makmprocess).

The research on learning from peers has primarily been developed outside the marketing
literature. This line of research focuses on the role of facilitating transfer mechanisms, conduits or
agents through which the transfer of knowledge pdes within a company (Benkard 2000,
Argote et al. 1990, Argote 1999, Levitt and March 1988, Olivera et al. 2008, Darr et al. 1995). The
transfer mechanism that is particularly relevant in the present study is interactions with peers.
Several studies haleeind that knowledge is shared through peer interactions (Singh et al. 2010,
Ingram and Simons 2002). In general, the literature suggests that the increased use of transfer
mechanisms is associated with increased levels of knowledge transfers. WWtiteyshie the
organizationgbehavior literature provide a theoretical background for the formulation of our
model, our study advances these findings in the following ways. First, without directly observing the
knowledge exchanges among peers, the atgamafiearning literature measures learning from
peers through a positive impact on productivity when individuals work together over time. By
comparison, our dataset allows us to directly observe the knowledge exchanges among peers. Hence

we can diregtlcapture knowledge sharing among peers. Second, the extant orgdeaatiogal
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literature assumes that knowledge exchange among employees is an exogenous factor. By
comparison, we treat the knowledge seeking and sharing decisions as endogennose Fughe
emphasize the role of the network position of the individual and his/her peers in determining the
formation of knowledggharing relationships.

Methodologically, our research is related to the emerging literature onatynpetiton
games. Mgy studies have developed models to incorporate strategic interactions among forward
looking actors in various contexts: firm entry/exit (Bajari et al. 2007; Weintraub et al. 2008,
Aguirregabiria and Mira 2007), product repositioning in a different@tadt pnarket (Sweeting
2007), technology adoption (Ryan and Tucker 2008), product adoption (Kumar et al. 2010) and etc.
In this paper, we apply this framework to the context of an online social media and illustrate how
individuals take into accountthear@r s deci si ons on a public | eal

3. Model Specification

3.1 Industry Background

Online discussion forums have been widely adopted to support peer learning among employees and
customers of companies, and to enhance customer services. In this study, we focus on an internal
discussion forum adopted by a firm to support peer learning anstomesupport staff. In such

practices, online discussion forums are commonly integrated as a major component of employee
working environment, which facilitates employees to access to the forum while they are working
with clients. By embedding intérmsscussion forums into employee work processes, every
employee is guided to seek and share knowledge with others within the firm. Employee company
email address is automatically assigned as her identifier (or user name) on the forum. And employee
profile (containing employee basic information) is displayed along with the user name whenever the
user logs on. By clicking on the user name, other users can find her personal information and all the

history of asking and answering questions. When a useruassian o ask, she can post the
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qguestion to the public forum. Anybody on the forum, regardless of location, can choose to answer
the question. When multiple answers are provided (often by different people), they are listed as a
gueue sequenced accordmgre. As more and more forums adopt various types of feedback and
reward mechanisms, knowledge seekers and sharers are encouraged to piquadiéy high
guestions and answers. I n certain casgthe where
true identity of both the knowledge seeker and the knowledge sharer acts as a guarantee of quality
because the users are likely to provide answers in a professional manner.
This type of online discussion forum is also widely adopted for custpmpent. On this
type of customer support forums, registration is also open to all customers of the company, and user
profile is also available most of the time. Customers can post questions about the products that they
bought, and other customers and eyg#s are encouraged to answer these questions. As we can
see, user decisions in customer support forum is very similar to the context in our research, and the
ol earning from peersdé and oOoknowledge spillove
In this research, we focus on the basic features of a discussion forum and examine the
fundamental drivers of asking and answering decisions by users. Many new features, such as ratings
for questions and users, the number of viewings, and virtual reasedseen gradually introduced
to social media platforms, especially on discussion forums that are open to customers. However, as a
first study, we focus on the fundamental features that are common in almost all types of discussion
forums. We leave theamination of how these features can be incorporated into the model and
how they modify the main findings for future research.
3.2 Decision Variables
Assume that there are a totaNohdividuals who have the option to participate in a public forum.
During each of the time periodls plth8 AY, every individu&» plth8 H) can make two

types of decisions: to ask a question and to answer a question. For the decision to ask a question, the

45



individual first decides whether to ask a question in a geriod; he answer i s 0yes
decide whether to ask an easy question or a hard question. More specifically,

ch"Q0Q¢ QQL WA TGIH'QQQADB N @I REQD Q
(1) ® ph'Q@ 'Q"QL (Wb ENEQ O INWD Qi GOAECDIN

Thé TRi 0 &I Q
We allow users to ask questions with different difficulty tevelsdel the possible differential
effects of asking an easy versus asking a hard question on knowledge acquisition and reputation
building. While questions could be traced back to the interaction between customers and employees,
whether employee needak this question (indicating she is able to handle this question herself), or
will ask this question (indicating she expects benefit from asking the question) is endogenously
determined by her states as wegdrse&®sncyswmer sd st

employee interaction will be asked on the forum.

We use the dummy variable to denote the binary decision of an indiviilatiding to

answer a question posted by individhaitimeo (the difficulty level of the questiis assumed to
be known).

) i ph Q@he i 0@y ¢ Qi QEB G QOQ
m ¢ i 0 Qi Q

As we will seén the following section, while we do not explicitly distinguish answers to hard
guestions from answers to easy questions, this difference is inherent in the type of questions these
answers correspond to. Notice thatis bothi andj specific. Tl specificity means that we
consider the source of the question and allow the user to decide whose question to answer.
Recognizing the dyadic nature of answering decisions permits us to endogenize the formation of the
network and to investigate its fundatakdrivers. Users may answer multiple questions during the
same period. We use the vedtotp represent the set of answering decisions for indi¢xtual

timet. Note that when an individual chooses not to ask or answer questions and inagad stay
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observer on the forum, our model treats it as a choice not to ask or answeanainid remain

zero.

3.3 PerPeriod Utility Function

We assume that the utility function of an indivitaiatimeois affected by her knowledge, her

sccial status (which indicates how active she is as a community contributor), and the cost of asking
and answering questions (Levitt and March 1988, Darr et al. 1995, Singh et al. 2010, Lakhani and

Von Hippel 2003). To be more specific, thigopeiod utiliy function can be written as

~ ~
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whered is the knowledge level accumulated by individiiaimeo. Individuals on the forum
obtainutility from their accumulated incremental knowledge levels because a higher knowledge level
is associated with higher productivity levels, which can indirectly lead to monetary incentives or
more free time for other activities. According to the exisiigdgs in the organizatio#tedhavior
literature, the knowledge gained through interactions with peers increases productivity and job
performance for three reasons (Singh et al. 2010, Reagans et al. 2005, Argote et al. 2003). First, thes
interactions alv opportunities for resource pooling and sharing alternative interpretations of
problems (Reagans et al. 2005). Second, these interactions help in coordinating the effort, which may
minimize effort duplication (Singh et al. 2010). Third, interactiorzeetthprovide opportunities
for an individual to apply her efforts or knowledge to different but related problem domains (in
which her peers may be having problems) and, in the process, to develop a deeper cognitive
understanding of her field (Schillihgle2003).

'Y is the social status level for individdltimeo. Individuals may derive psychological or
economic utility from building social status within a community (Lakhani and Von Hippel 2003)

because higher social status brings sectagnition and increases value to the community (Kilduff
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and Krackhardt 1994). Implicitly or explicitly, many companies use the participation levels on social
media platforms to identify experts in different areas (McAfee 2006). Being identifiedeats an exp
within the community provides indirect incentives, such as job opportunities, salary increases,
promotions, etc.

Finally, the individual incurs a cost from asking and answering questions. When she asks a
guestion, she needs to invest time in posteguestion on the forum and in carefully phrasing it
so that people in the community can correctly understand it. When she answers a question, she
needs to first think about the answer and then express it on the forum in an organized and clear
manner. Bth of these two processes are time consuming.é;;;_denote “@ individual
characteristics, such as gender, that affect the cost of asking and answering questions. This factor
accounts for potential heterogeneity in costs across individualsdémdte the private shock that
is only observable by the individual in question. We assume lihata typé extremevalue
distribution and that private shocksi@racross participants and periods.

Both knowledge and social status are endo@eetsrmined by a participant's decisions
on whether to ask and answer questions in the current period and by everyone else in the
community. As we stated Industry Backgrosedtion, these two state variables are public
information for all individualkn t he f or um, as an individual 0 s
answering questions are revealed by clicking on her profile. We will describe how these two variables
are updated according to individual decisions in the following sections.
3.3.1 KnowledgéJpdates
We use the terknowledgeo r epr esent an individual s expert

usually specific to a working project, rat he
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level’. We us@ to denote the knowledtgvel of individuahat at the beginning of periadt

can be updated according to the following process:

4) 0 O B. g Qi Brvin Qi h
whereO ¥ 'OHO represents the difficulty of the question, easy (E) or hard (D). The dummy
variable®d represents the specific question that indivithak asked at time Under the
assumption that the knowledge level is additive, tH& tegm Qi represents the total amount
of knowledge from answers provided by all of the other individuals to individualstiof.
SimilarhyB ; « 5z Qi  represents the total amount of knowledge from answers provided by

individuals other tindQo questions asked by individuals other fiaming timet *°.

14We assume that it is the knowledge level from this online forum that enters the individual utility
functions. Apparently, individuals can obtain knowledge from alternative channels, such as prior
education, offline communication, learning by doingaedcwe acknowledge that we do not have

information on offline activities. However, we think it is a reasonable assumption because the

participants in the online forum do not know
information abouthte true knowledge levels of their peers, and the only information source for this
knowl edge | evel i's the online forum. As a r¢

knowledge levels, the decisions are made based on the proportion of knowleddeoooithie

online forum. Furthermore, in our context, questions are generated when the focal company
provides IT consulting service to its client company. Thus, individuals equipped with more
knowledge can better solve the problems resulting from tperatoan, improve service quality

and consequently improve their performance.

15Note that the individuals participating in this setting are problem solvers. The literature in this
area states that when multiple solutions are provided to a problemyith@aladearn different

ways of solving the problem (Singh et al. 2010). The individuals are likely to use the tricks and tools
from these solutions to solve other problems. Hence, multiple answers to a question provide greater
knowledge increment thasiagle answer.

16We make three simplifying assumptions in the knowledge updating process. First, we assume that
each answer provided to a question increases the knowledge level by same amount. It will be
interesting to modify this updating rule in futesearch by allowing quality weighting of the unit
knowledge increment. Second, we assume that the knowledge is additive in the sense that the
marginal knowledge increment is independent of the knowledge level. This assumption can be
relaxed by allowingdhknowledge increment to decrease with the number of answers provided.
Third, we assume that everybody reads all the answers posted online. This assumption is realistic,
given the small number of questions and answers that are posted on the foruneavcath p

time in our research setting. In addition, the forum archive acts as knowledge repository where both
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The last two terms represent two ways of gaining knowledge on the public forum. First, the
learning can be initiated by an individual who posts a question and collects answensftioat othe
directly address her problem. Second, she can still gain knowledge without actively soliciting answers
by reading the responses to questions asked by others. Consequently, she can increase her
knowledge level even if she is not the one who askse$teon.

Q is a coefficient to be estimated that measures the marginal knowledge increment for one
additional answer provided for the question asked by the fod@litiseyuestion typé, andQ
measures the corresponding increment fostique proposed by someone else. Intuitively, we
expect that individuatan gain more knowledge from reading answers to her own question because
those answers are essential and are a better fit to the knowledge she urgently requires. By
comparison, whilegains knowledge from reading answers to questions agk&tebyay already
possess that piece of information or that piece of information may not perfectly fit her needs.
Therefore, we expect tf@ "Q (i.e., "active" learning is more effecthan "passive learning).
In addition, we allow the marginal knowledge gains to differ between difficult and easy questions
and expect the answers to hard questions to yield higher knowledge gains.

As suggested by the terBs, ; Qi O ~ & andB. ; Qi O o
W ,useids decisions are not independent of the

to ask a question at each petjddr example, individu&heeds to predict the number of answers
that will be provided to her question. With everything else being equal, she will ask a question only
when the expected number of answers to her question is large enough and the knowledge

increments can justify the cost.

the questions and answers are stored; it is accessible to everyone within the company at all times. We
leave it for future research to incorpovargtions in browsing behavior.
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The knowledge updating rule ale@il i es t hat a single useros
levels of all her peers. Whenever an answer is provided, the knowledge level of everybody in the
community is updated according to equation (4). When making decisions on both asking and
answering astions, an individual needs to consider that both her own knowledge level and that of
her peers in the community will increase as a result of the answers posted to the public forum. The
increase in knowledge levels throughout the community may chasgentianswering decisions
of her peers in the future.

This observation implies that an individual may expect to be rewarded in the future because
of the increases in the knowledge of the whole community. When the whole community becomes
more knowledgeldy more answers will be provided to any question asked in the future. Thus, a
knowledge seeker can expect higher knowledge increments from questions she asks in the future
because her peers are the knowledge sharers. The anticipation of possibleafulsirdat are
reciprocated by her peers can potentially change her current decisions about asking/answering
guestions, which is especially interesting when she decides whose question to answer; we discuss thi
issue next.

3.3.2 Online Social Status Updage

The literature has shown that people tend to contribute to a community to build up their social
status (Kollock 1999, Lakhani and Von Hippel 2003). Typically, social status in online communities
is determined not by possessions but by contribution&ffBeisleads to a culture where the social

status of a user is primarily determined by his/her contributions to the community. This
consideration is especially salient in online community settings because contributions are transparent
to every member oh¢ community (Lampel and Bhalla 2007). There are various reasons why
people may contribute. First, economic incentives may directly motivate participants to contribute

when competing to achieve a higher relative social status. Second, it may bécatteepletield

51



values. For example, an individual may be motivated to give back to the community to reciprocate
support that he/she may have received in the past (Lampel and Bhalla 2007). Third, individuals may
expect that in the future others may resp@ud in kind as a result of their present contributions
(Lakhani and Von Hippel 2003).

An individual can build her social status by frequently providing answers to questions posted
on the public forum. The higher the frequency is, the greater the @erteptshe is an active
contributor to the community. Moreover, extensive sociology and psychology literature has shown
that building social status goes far beyond a simple count of the questions answered. For example,
Bonacich (1987) shows that entitredd power or benefit from being central in a community and
that entities closely connected with other central participants are considered to have high status. In
our context, this finding means that those who answer questions posteestayulsigtartipants
obtain a higher perceived social status themselves, because answering questions from central
individuals indicates a closer connection with colleagues who are more informative, active, and
resourceful. This consideration requires us to explicdlpanate the dyadic relationship between
individuals, which is defined for any pair of individuals by how many answers they provide to each
other.

To approximate this thinking process, we adéam®nvector centrahitgh measures an
i ndi vi dionanvthinghe gistission forum based on both the intensity and direction of the
interactions among all of the users. This approach is the most commonly used measurement of
social status in sociology (Bonacich 1987) and recently adopted by Katonargnd28a8)a
Kumar et al. (2009, 2010) and Ma et al. (2010) in marketing; in which higher centrality indicates a
higher frequency of contribution and/or a more centralized position in a network. In this measure,
not only are the individuals with high ctwition levels relatively central in the network, but the

ones who are connected with other central members also have a relatively high status in the
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network.0 is defined as an 0 adjacency mathat measures the intensity of interactions
betweeriGand’din our context, it is the number of questions answered) up toltireelefined by

(5) O 0y 1064h
where the @Q5Qelement ob j is the number of easy questions askedhay are answered Ty
up to timed, and the @ Qelement ob ; is the number of hard questions frorhat are
answered b¥up to timed. i is a coefficient to be estimated, and a value greater than one indicates
greater improvement in social status from answering hard questionsnthanstxering easy
guestions.

Letw denote theigenvector cendfaliyividualQlt is defined as the sum of the interaction

intensities between the focal user and her peers weighted by the peers' centrality in the network:
(6) ©w O6fpw O6fpw E 07 w.
Thus, the eigenvector centrality @épends on the frequency of her answering and the position of
the users whose questions she has answered. If indivitagla higher centrality sedhan
individuale (if @ ), then answering a question proposed hy more beneficial for
individual'Qhan answering a question proposed iy PWE O Ttincreases by a
higher margin compared to the case in which T®E &y  p). In other words, a user can
improve her social status more by answering a question asked by a user who is more centrally
located. The calculation of eigenvector centrality captures the commonly observed phenomena that

individual status in a network is increased by connecting to others who are themselves well

connected. We can rewrite it in matrix form for everyone in the community as

(7) ® 0 w8
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However, equation (7) has no 1zemno solution unlegs has an eigenvalue of one. One solution to
this problem is to instead use alpbatrality, which ia commonly applied measurement of
asymmetric networks that is widely used in sociology, econoamegement and computer
network researdBonacich and Lloyd 2001)

(8) w |0 & ®
Here,w is an exogenous factor that influences individual status in the network; it is assumed to be a
vector of ones in our contextcaptures the relative importance for determining social status of
individual social position in the online discussion foromared to exogenous factors

One may argue that individual social status in online discussion forums is not solely

determined by her contributions to the online discussion forum; asking hard guestions can also
improve social status for two reasons., Fiestl questions can be inspiring in the sense that they
encourage people to think about important issues. Second, asking hard questions may indicate the
sophistication of the knowledge seeker because hard questions are usually generated from careful
thinking about a problem and require a deep understanding of the topic. Thus we construct social
status using equation (9), in which we assign a weight to the social status generated by contributing

to the discussion forum:
9 ®w |0 0w w |,
wherew is the number of hard questions that employees ask up tmatichéhus captures the

improvement in social status achieved by asking hard quesi®onke weight of asking hard

17In estimation, we fix the valug oét| T8t do guarantee that the values of all the calculated
social status scores are positive. If the valueisofjreater than the largest eigenvalue of the
adjacency matrixorme of the calculated social statuses will become negative. Weffersted di
value of , and found that the specific valug afid not influence the conclusions of the paper.

54



questions whemidi vi dual s evaluate their peersodé soci al

centrality score:
(10) w O]o0 W | w.

However, eigenvector centrality is an absolute measure of social statuseadityeindividuals
care more about their relative rank in the community. To adapt to this observation, we define the

social staseor@ our context by

(11) 2% 8

'Y can be viewed as a score that summarizes the relative frequency of coputitbuditferential
rates of improvement for answering easy and hard questions), the centrality of the other users whose
guestions she has answered, and the number of hailohquets has asked. Appendix 1 provides
an example to intuitively explain how the social status score is calculated based on the interaction
history among peers.

The relative ranking of social status (equatidd3 Bnplies that the decisions of all users
are interdependent because one userod6s contrib
affects that of her peers. An individual who answers one more questions gains a higher social status,
which inevitably decreases the relative rankingropders. Asking questions also changes an
individual 6ds soci al score by offering others
individual's question is answered by her peers, their social status improves and her social status score
decreases corped ndi ngl y . Thus, the focal userd6s deci
change the socistlatus rankings and hence the decisions of her peers. The changes in social ranking
alter the future decisions of all the users in the community.

The competion for social ranking modifies the dynamic and interactive decision making

process regarding knowledge sharing. First, when competing for relative social ranking, users are

55



making strategic decisions about asking and answering questions thafektabiyrate at which

an individual ds knowledge increases. 't will
social ranking helps the knowledge accumulation of the entire community. Second, competition for
higher social status makes knowlstigeers more selective in deciding whose question to answer.

If greater centralitycore improvements can be obtained by answering a question from a more
centralized user compared to a less centralized user, it is likely that questions from higyls social sta
members are more likely to be answered in general. Endogenizing network formation allows us to
examine whether this helps or hurts knowledge accumulation.

Note that the social status updating process is different from the knowledge updating
process fothe following four reasons. First, users improve their social status scores mainly by
answering questions. However, they improve their knowledge mainly by asking questions and
reading the answers posted by others. Their knowledge cannot be improuedonitiitutions
from their peers. Second, the knowledge updating rule depends on the questions that are answered
on the forum but not on who answered them. However, the social status updating rule accounts for
the dyadic relationships. That is, the sata@iis updating rule considers whose question an
individual answer ed, and who answers this que
or decrease depending on the action taken by everybody in the community, while the knowledge can
only go up. Fourth, while both knowledge and social status imply that individuals are
interdependent, the mechanisms are different. Individuals care about the absolute knowledge level
and do not need to compete for knowledge. However, individuals do compatgher eank in
the sense that their own social status increase at the cost of the social status of others. As a result,
users with higher social status may not necessarily be the ones with more knowledge. For example, a
user who has been actively seekmmvledge by asking lots of questions without answering

guestions can have a very low social status but a high knowledge level. Similarly, a user who only
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answers questions can build up high social status but not necessarily accumulate a high level of
knowledge.

3.4 Costs of Asking and Answering Questions

While knowledge and social status are influenced by the decisions of whether to ask and answer
guestions, there are also costs associated with each one of these decisions. For asking and answerin
guestios, an individual needs to invest time and effort to clearly frame and explain her problems

and answers to others. So we can write the costs for each time period as

(12) 6dhe 6 @ 6 Vv

whered @ is the cost function of asking question@nd. s the cost function of answering
guestions. We assume that the cost may depend
such as organizational position and gender. For example, a Hsigioer pay be associated with

more experience in the subject area and therefore different costs for asking and answering questions.
Males may have lower costs for asking questions because they are more aggressive, a characterist
which is likely to be alpgable to online forums as well. To be consistent, we assume that the cost of
asking/answering questions can be written as a linear function of the two observed user

characteristics:
(13) 6 & B OH MO zZ @y ©p0Q& QA0 € fRRQ
(14) 6 ¥ By 00O MU zi z @y 05'0QE QObR0 £ i QBQE ¢
The coefficientso; @y @ and @ measure how the costs are modified by gender and

organizational position, acg and®y; are two onstant terms that are allowed to be different

across question typen ‘OHO . Here, we cannot distinguish altruism from the cost of answering

questions in this model. Whenever individuals contribute to the forum, they get certain
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psychological benefiton this altruistic behavior, as well as incurring a cost. Because these two
effects happen at the same time, we canodot di s
3.5 Usersd Dynamic Problems, Intertemporal Tr
As we discussed earlier, knowledge seeking caraubided without the contributions of peers.

Even though a user cannot control the decisions of her peers, she can always make her own
knowledge seeking and sharing decisions and thereby influence the knowledge level and network
position of others, whichlters the future decisions of everybody in the community. Such behavior
inherently requires individuals to be forward looking so that they are willing to incur the costs of
asking questions and sharing knowledge now to gain reciprocal knowledge ificnentbets

peers in the future. This assumption is consistent with the descriptive results from prior research on
social media that show participants of a social media platform tend to help solve the problems of
others to gain a higher social status,hwiatps them get help from the community in the future
(Lakhani and von Hippel 2003). Accordingly, we assume that each individual is forward looking and

maximizes her long term utility:
(15) OB 1 Y tglh

wherg is the disount factor indicating how much the individual values future utility. In this model
setup, the state at time perpdenoted a{L is the collection of individual cumulative knowledge
levels £ ) and social status levels of the individual angebesq J:{|« | w8 Mure, where

'||h< U ;AY} . Both state variables are endogenously determined by user decisions. Individuals
make decisions to maximize their discounted lifetime utility based on the information available to
them at timéabout their own knowledge and social status and thafrgbebes. Realizing that

their states and decisions are interdependent, all the users can anticipate the possible responses fron
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their peers when making decisions about asking and answering questions that maximize their own
longterm utility.

The proposednodel implies several intemporal tradeoffs under equilibrium conditions.

First, when asking a question, an individual incurs a cost from framing the question and sacrificing
her social status. However, she benefits from reading the answers toibwer ljeesiwhile, her

peers read the posted answers and thus improve their knowledge. The knowledge increments of her
peers imply that more answers will be provided to her questions in the future. Thus, she is more
willing to ask the question when the grdted future benefits reciprocated by her peers dominate

the current utility she has to sacrifice. Similarly, when answering a question, a user incurs a cost of
writing the answer. Even though she can build up her relative social status, the dirsctampact
increase the knowledge level of all her peers. As before, a higher community knowledge level implies
more answers provided to her future questions. Because the impacts of state changes persist into the
future throughout the community, an individwsiligy in the future improves and compensates for

the costs incurred in the current period. In both asking and answering decisions, therefore, an
individual sacrifices shaerm utility for longerm knowledge gains from the contribution of her

peers.

Traditionally, a dynamic game model is estimated by explicitly solving for equilibrium (e.g.,
Pakes and Mcguire 1994). However, the curse of dimensionality is one of the obstacles to estimating
our model due to the high dimensionality of the state spac#&clmvent the computational
burden of iteratively approaching the equilibrium strategy, we estimate our dynamic game model

using the twestep approach specified in Bajari et al. (2d0ii$ twestep approach also helps

18 While there is an emerging literature that takes into account unolhsteredeneity
(Arcidiacono and Miller 2010), their methods require either strict assumptions on the state space or
a large number of observations. While this is a caveat of our research due to the constraints on data
and methodology, we believe that unwkseheterogeneity is unlikely to change our main results.
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circumvent multiple equilibrianm@rns because we empirically recover policy function in first stage

of the estimation instead of solving the for equilibria. Furthermore, because employees make
decisions within a single community, the observations are generated from a single @Ryadibrium

and Tucker 2008); thus, the second stage parameter estimations are éafsmsi@gt.Ericson

and Pakes (1995), we focus on the pure strategy Markov perfect equilibrium (MPE), in which every
individual is assumed to rely on the state variables@pskrvables of the current period and to

adopt an equilibrium strategy that maximizes her lifetime utility. The individual also expects her
peers to use the publicly known equilibrium strategy based on the observable states and their private
informationto make their own decisions. Hereafter, wélitgedenote individudd s deci si ons
ask and answering different types of question as a function of the state variables and the private
shockQdf & =, where= is the set of all actionsdividual'an take. Then a strategy

profile @ a B hdy is a Markoyerfect strategy solution to a MPE if there is no incentive to

deviate from this strategy, given otherso fix

(16) ® AT oK A g

For examplegne may argue that the control of the (unobserved)edyghdheterogeneity is needed.
Individuals may know each other offline, which may increase the probability that they will answer
each others®é question in the online forum. Ho
of many cohorts in the online social network because individuals who have offline connections
communicate more often with each other rather than with p&ople on the forum. This
prediction is contrary to the core/periphery structure that we observed in the real network structure,
in which core individuals communicates with everyone else in the forum, and peripheral members
di dndt ¢ ommu nperipreralenembers. As aadsuit,eme expect the influence of offline
connections to be limited. However, to illustrate the robustness of our model to unobserved offline
connections, we incorporates information about employee location and their depattraent in

initial stage to partially take into account the possible influence on knowledge sharing decisions
when the knowledge sharer and knowledge seeker are closely located physically. We also incorporate
observed individual characteristics, such as gent@ge, in the cost function to control for
individual characteristics having an impact on the decisions that they are making.
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Il n the first stage, we empirically recove
observed individual decisions and statéswever, Bajari et al. (2007) require the state space to be
discrete, while our focal state varialoelvidual knowledge and social status are continuous. As a
result, we adapt the method of Bajari et al. (2007) to allow for continuous state variables (Bajari et al.
2008) by wusing a oO0Osieve |l ogito. We xinmatest r uct
individual decision rules and regress a logit/ordered logit model using these basis functions. In the
second stage, we simulate the individual value functions under different policy rules and estimate the
structural parameters by comparing the ¥#ahetions from the firsstage decision rule with those

from a perturbed policy. As stated previously, individuals maximize their discounted lifetime utility:
(17) Ay OB 1 Y{{hAvi g8

We can rewrite this lifetime utility maximization problem as a Bellman equation in which the value
function is calculated in terms of the payoff in current period and the value of the remaining

decision problems given the initial state:
(18)

wAfdn— 1 Aguw Y{fa /. 1 o Qb i ma

where(];;g; is individual® #Markowvperfect strategy for the decisions to both ask and answer

guestions, as has been stated previously. The—visctbe aggregation of all the parameters:

~ ~

— | R oo ooy Foop RO Foo O . Notice that the stateansition process is deterministic in

19 As a robustness test for the length of training period, we also allow for training period with
different length to initializendividual states in the first stage estimation:m, 'Y ¢ mand

“Y 1 min each case, we initialize individual state variables using data fromtipefiosts, and
estimate individual decision rules using data from remaining periods. Resliliseef thees are

very similar. Here, we only report the estimation results for the cas& whese
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our setting; the integration is performed over unobservable terms. Details concernaagiotentifi
and estimation are provided in Appendix 2 of this paper.

4. Empirical Result

4.1 Data Description

The global IT service and consulting corporation in our research advises their clients on how to
optimize IT systems to meet their objectives, asasvelésigns, implements and administers IT
systems. Over the years, the company has rapidly expanded to 168 cities in eight nations and more
than 80 thousand employees. During this rapid growth, little attention was paid to channelizing
knowledge flow betwa locations. As with many other companies, lodassed knowledge silos

emerged in the firm, with little flow from one silo to another. Taking advantage of the recent
advances in social media technology, the firm integrated an online discussionafonajoras
component of employee working environment, and embedded the online discussion forum into
employee working process. This design grants employees direct access to the knowledge sharing
platform at all times. This platform is mainly used intearallypanagers actively monitor activities

on the forum. Almost all of the posts are clielsited technical questions that are specific to certain
areas (f ¢tlowtceupl@adanleraajl (dasign an email system) having attachmeif8 in java for cli
Our discussions with the top management revealed that they use the forum to identify experts in any
area within the firm. Consequently, individuals who make numerous contributions on the forum
have a higher probability of receiving a bonus or pronititte annual salary and promotion

evaluation. The firm also found a strong correlation between the participation level of a user on this

200n most Web 2.0 applications used within a company (usually called enterprise 2.0), the
participantso true identities ar e reveal ed,
performances on the forum. As a result, the participants usually remhaprdfessional by asking
relevant questions and providing thoughtful answers. In our data, almost all the questions are
specific to the IT services that this firm provides to its client. Answers to these questions cannot be
easily found outside the cang. Thus, when the employees face problems in their work, their first
choice is to seek help from their colleagues.
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forum and her speed of resolving customer problems. Overall, the firm found that customer
satisfaction has increasmttl customer service costs have decreased since the adoption of this
forum.

The data contains detailed information about all of the activities related to asking and
answering questions by 2954 employees over 73 weeks (511 days) between ApAugd86 and
2007. As stated, this online discussion forum was integrated as a main component of employee
working environment, thus all employees are utilizing this forum from the date when it was
implemented. During the observation period, a total of 1994®nmegere asked, and 58089
answers were provided to these questions. On average, 39 questions were asked and 113.7 answel
were provided every day. Furthermore, 11.1 users posted questions and 18.3 users provided answer:
every day. The majority of thevaers (76.1%) were posted the same day as the corresponding
guestion was asked. These posts can be divi
Framewor k", "J2ee" a n dconmmDnéies eale orplativelyp isolabed. Fdwe s e
individuals are wolved in more than one sabmmunity; thus, there is not much overlap across
thesuecommuni ti es from the participantsd perspe:q
forum is designed in such a way that individuals who are browsing one d¢dtegposts are not
able to simultaneously observe posts in other categories. This restriction effectively prevents
individuals from making decisions based on information from otheoraoiunities and from
simultaneously making decisions in multiple@uinunities. This seimmunity isolation allows
us to treat each sWommunity as a separate network and to focus on a single community without
worrying about spillovers from other-sa@mmunities.

Table 2. Data Description
.Net Framework

Total Numbeof Questions 652
Total Number of Answers 1676
Number of Participants 329
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Percentage of Employees Ever Asking Questions 44.07%

Average Number of Questions Asked per Employee 1.9818
Average Number of Questions Asked per Week 13.04
Percentage @&mployees Ever Answering Questions 83.59%
Average Number of Questions Answered per Employee 5.09
Average Number of Answers Provided per Week 33.52
Mean of Gender 0.7428
Standard Deviation of Gender 0.4378
Mean of Position 0.4534
Standard Deviation &fosition 0.7933
Mean of Tenure 0.8294
Standard Deviation of Tenure 1.3477
Qur calibration sampl e NetoFramewsr¥ ovhi dthe i s

representative category in the sense that it is one of the major programming platforms in industry.
We select individuals who have asked or answered at least one questibleiRrémewskb

forum, and track back their history untilfirg day when forum was established. We end up with

329 individuals in our dataset. There were 652 questions posted by 145 users and 1676
corresponding answers posted by 275 users. Table 2 provides some sample statistics from the
calibration sample. Iid Net Framewoskbbcommunity, 44.07% of the users asked at least one
guestion, and 83.59% answered at least one question. Each individual asked an average of
approximately two questions during the study period, and 13 questions were asked every period.

4.2 Estimation Result

Table 3. Parameters Estimates

Variable Coefficient
Knowledge Updating Rule
Knowledge increments from owasyquestion () 0.5401***
Knowl edge i ncr eaguedtionQ) r om 0.0036**+*
Knowledgeancrements from own hard questi@)( 1.1703***
Knowl edge incrementsOf)rom 0.0036***
Reputation Updating Rule
Reputation increments from asking hard questfoh ( -0.0201
Contribution level increments from answering hard quastic  6.8783***
Impact of individual department on social statys ( 0.0027*
Impact from Knowledge ¢ ) 0.2805***
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Impact from Social Status{ ) 3.6399***
Cost of asking a question

Constant for asking an easy question 5.0030***
Constant for asking a hard question 8.8917***
Position -0.0256*

Gender -0.8052***

Cost of answering question

Constant for answering an easy question 7.5703***
Constant for answering a hard question 12.5224***
Position -0.14171%**
Gender -0.5539***

*** The 99% confidence interval does not include zero.
**  The 95% confidence interval does not include zero.
*The 90% confidence interval does not inchede.

The estimation result is presented in Table 3. We fixed the discount fact®ruin the

estimation. One of the observations is'tat 'Q and’Q Q. This result is consistent with our
hypothesis that an individual obtains much rkoosvledge from reading answers to her own
guestion than from reading answers to others?od
much higher from hard questions than from easy quesflors@® ). However, the knowledge
increment does ndiffer significantly across question tyjges ("Q).

Relative social status plays an important role in driving user knowledge seeking and sharing
deci sions as wel | . While asking hard questior
online social status (is insignificant), providing answers to hard questions will help improve the
knowl edge sharerdés soci al status. I n fact, t h
social status is almost the same as that of ansseeengeasy questions (@& X .o

As expected, both knowledge and social sta
major findings of previous studies (e.g., Argote et al. 2003, Reagans et al. 2005, Kilduff and
Krackhardt 1994, and Lakhaniand n Hi pp el 2003) and the firmds:s
which customer problems are solved and the level of customer satisfaction increase with employee
participation. Meanwhile, as we expected, the costs of answering questions are higheofthan those

asking questions. The costs of asking and answering a hard question are higher than those of asking
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and answering an easy question. The costs also differ across individual characteristics. They are
significantly higher for females than for males. $titegly, the cost of answering questions is lower

for users with higher organizational positions. This finding is intuitive because individuals with
higher position tend to have more expertise in their field; thus, they are proficient at solving
problemsThe costs of asking questions are higher for users with higher organizational position, but
this effect is barely significant.

It is important to notice that whenever an individual asks or answers a question, the
additional utility from the knowledge amdgocial status increments in the current period generally
cannot compensate for the incurred cost. This sacrificial behavior can be justified when the
individuals are allowed to make participation decisions in anticipation of future reciprocal rewards,
as we will discuss below.

4.3 Dynamic and Interdependent Decision Making

We now report the policy functions that represent the equilibrium decision rules resulting from the
usersd® dynamic interactions. We focus on desc
by the knowledge of the knowledge seekers and the com(Rugntres 2A and 2B), whose
guestion to answer (Figure 2C), and whether to ask and answer questions given her own particular
level of knowledge and social status (Figures 2D and 2E).

Figure 2. Equilibrium Policy Functions
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Figures 2A and 2B show how the probabilities of asking questions and answering questions are

First, and not surprisingly, the probability of asking a question decreases amhliiiy pof

answer

a question increases
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driven by the individual knowtge levels and the mean knowledge levels of the peers. This value is

obtained by averaging other state variables for each individual. We list a few interesting findings.

f oca

asking a question increases with the mean peer knowledge level. This finding can be explained by the
dynamic, interdependent decision processt sdeking knowledge on a public forum with higher

knowledge, an individual expects a higher probability for her question to be answered and hence a



higher incremental knowledge increase. When the anticipated future reward is high enough to justify
the immeiate cost of writing the question and the decrease in network position, she will ask the
guestion.

Third, it is surprising to find that the probability of answering a question also increases with
mean peer knowledge level. This finding is cemhtéive and cannot be explained by the
conventional altruism view, which suggests that individuals should be more willing to help those
with low knowledge levels or should at least be indifferent to their peers' knowledge levels when
answering questions. Howevie can be explained by our dynamic and interdependent decision
process: when the population is more knowledgeable, more answers are likely to be offered to each
posted question. As a result, an individual can expect more help from the community when she
posts a question in the future. In other words, she expects a higher reciprocal reward when
contributing to a more knowledgeable population. It is the greater future reciprocal reward from the
community that motivates her to prefer contributing to aknoweledgeable audience.

These results shed some light on the incentives for individual contribution to the community
from a dynamic perspective. While previous literature on incentive of individual contribution
focuses more on static reasons such asmltnve show that there is another layer of incentives
involving the dynamic interaction among all the users and the future payoffs reciprocated by the
communi ty. Thi s observation is consistent Wi
establisheth the social psychology literature and recently in marketing literature (e.g. Kumar 2010
and Ma 2010). Trivers (19%&lY a t e sliruisnhdefined @s an act of helping someone else

although incurring some cost for this act, could have evolved since it might be beneficial to incur
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this cost if there is a chance of being in a reverse situation where the person whom | helped before
may perform an al*truistic act towards me. 0
Whose Questions to Answer

Figure 2C shows how the probability of answering a question is driven by the social status of
knowledge seeker and sharer. It can be observed that, in general, the higher the social status of the
knowledge seeker, the more likelyquestion will be answered. Interestingly, her question is mostly
answered by other high sestaltus users. By contrast, users with lower-s@atied rakings rarely
get help from the community. This effect is observed because answering a gstestidny @
morecentral peer will increase an individual's network position more than answering a question
asked by a less centralized peer. In expectation of a higher future reward, an individual chooses to be
associated with better connected peers. olservation implies that users are selective when
deciding whose questions to answer.

Under the assumption of a Markov Perfect Equilibrium, the above can be viewed as the
decision rules followed by an i ndecsiondnakel 6 p e
forming expectations about her peersd reactio
whether her question will be answered. We next examine how she decides whether to ask or answer
guestions based on her own current states.

Whether to Participate

21Scientists have documented reciprocal altruistic behavioremomng bat¢Wilkinson 1988).

The bats are found to feed each other by regurgitating blood. To qualify for reciprocal altruism, the
benefit to the receiver would have to be larger than the cost to the donor. This effect seems to hold
because the batsually die if they do not find a blood meal two nights in a row. Putting the concept
into the form of a strategy in a repeated i s o n e r Owould dneanetocooperate
unconditionally in the first period and behave cooperatively (altruistically) as long as the other agent
does as well. If the chances of meeting another reciprocal altruist are high enough or the game is
repeated for a long enough, this forraltsiism can evolve within a population.
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Figures 2D and 2E demonstrate how the probabilities of posting a question and answering a
guestion are driven by an individual's current knowledge and social status. Consistent with
expectation, the general trend is that the lowdmibwledge, the higher the probability of asking a
guestion and the lower the probability of answering a question. It can also be observed that the
probability of answering questions increases with social status regardless of one's own knowledge
level. Tis effect is observed because individuals need to contribute to the community to maintain
their soci al status. A user with a relatively
group, within which her future questions will receivéasiilaly more answers. This consideration
gives her extra incentive to contribute to the community. By contrast, individuals with low status
know t hat it wi || take much more effort t o
compensate for thasost of contribution. As a result, they will be reluctant to contribute.

It is interesting to observe that a user is more likely to ask a question when she is more
centrally connected. This finding can be explained by her anticipation of future nesianatsal
from her peers, who follow the decision rules described in Figure 2C: questions posted by
individuals with higher network positions tend to attract more answers. Expecting a higher
probability of receiving an answer from their peers, the u$eestred the future benefits from
knowledge improvements dominate the immediate cost of writing the question and of lowered
social status. Hence, they are more likely to seek knowledge from the public forum when they are
central in the network. When tlagg not centrally located, however, they expect a lower probability

of getting help from their peers and are less likely to decide to seek knowledge from them.
4.4 Results Analysis

Based on the decision rules described in the previous session, we nosopresaralysis results
from the secondtage estimation that explain the observed adoption and knowledge sharing

patterns, and we explore how to better encourage users to share their knowledge on social media.
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The Formation of the Core/Perijphery Structure ad the Efficacy of Knowledge Sharing
The dynamics shown in Figure 2C suggest that due to the formation of cohorts in the online social
network, everyone tends to answer the questions proposed by highateciasers. However, this
effect works differdly for users at different positions in the network. A group of users with high
social status answer each otherodos qumetsvdrk ons w
positions in disadvantageous situations. Once a cohort appears, itsretaédfratrough the
pattern of future interactions among its participants. Over time, this decision process will result in a
smal | inner circle within which the wusers ha
while the questions posted bgraoutside the circle are likely to be ignored. This effect is similar to
the offline silos that are detrimental to knowledge sharing. Thus, even though the adoption of a
discussion forum eliminates the locabased knowledge silos, the strategic atiteraamong
users creates another kind of silo that is based on social status.

As a result, it is in the best interest of the peripherally located users not to participate when
they anticipate a lower probability of their questions being answered.thesteadit for other
individuals to ask questions and learn reactively from reading the answers. This situation creates
ofree ridingd behavior in the sense that t he
answering questions themselves. As b, megst of the activities are generated by users who are in
the privileged core group.

Figure 3. The Formation of a Core/Periphery and the Speed of Knowledge Increments

This figure illustrates how the degree of core/periphery structure in the nebivak @ver time and how
the discounted knowledge increments for the next 50 periods of individuals located at different position in
the network change over time.
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To examine whether the formation of cohorts affects knowledge accumulation, we compare
thegrowth of knowledge for users who are within the cohort and to that of those outside it (Figure
3). The solid line depicts how the degree of core/periphery structure of the online social
ne0074work evolved over time in our data (see Appendix 3 foraethssmeasurement). The
dotted line represents the knowledge increments for the individuals who rank in-sitetse ¢ty
30 at the end of our observation periods (these individuals are almost always in the top 30 across
most time periods). The daslied represents the remaining 301 individuals who are located at the
periphery of the network. From this graph, we can see that when the degree of core/periphery
structure in the network becomes salient, the rate of knowledge increments is faster aseosg th
who are within the privileged core group and is much slower among the rest. In other words, the
core individuals benefit more from the community, and the peripheral individuals benefit less. These
results imply that the endogenously foromrt mpedes effective knowledge sharing within it. In
practice, individuals who are of low social status are likely to be the newcomers who need more
help. However, they are much less likely to receive help from the community.

Proactive Learning versus Reactiveearning
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To investigate the differential effects of asking and answering questions on knowledge increments,
we compare the knowledge increments when a user asks one guestiontatttiose from

answering one question at timEor both actions, wedso compare the knowledge increments for

the focal user and the whole community. To be more specific, we compare the expected knowledge
increments for all the subsequent periods of the two alternatives (asking versus not asking a question
and answering mIS not answering a question) for the focal individual and for the whole
communi ty. Given the expected knowledge 1 ncr ¢
time period, we obtain the average knowledge increments from asking an additionér gbilestion

4A) and answering an additional question (Table 4B). Our measurement considers the decisions of
the entire community due to the increase in the overall knowledge level and the changes in relative

social status.

Table 4A. A Decomposition of the Knowedge Increments from Answering a Question

Period % Change of Asking % Change of % Knowledge % Knowledge Increment of
Questions Answer Questions | Increment of User: Community
< 0.0037% 0.0313% 0% 0.5377%
< 0.0035% 0.0296% 0.3689% 0.0054%
< 0.0032% 0.0278% 0.3584% 0.0049%
< 0.0031% 0.0270% 0.3289% 0.0047%
é . ée. . éeé éeé ée. ..
Cumulative2 0.0722% 0.6025% 7.308% 0.6407%

Table 4B. A Decomposition of the Knowledge Increments from Asking a Question

Period % Change of % Change of % Knowledge % Knowledge Increment of
Asking Question | Answer Question | Increment of User:: Community
< 0.0019% 0.0244% 11.02% 0.2579%
< 0.0019% 0.0235% 0.0461% 0.0039%
< 0.0018% 0.0218% 0.0444% 0.0037%
< 0.0016% 0.0210% 0.0409% 0.0035%
é . é. . éé éé é. .
Cumulative 0.0351% 0.4788% 11.93% 0.3347%

When a user answers a question attfie¥ own knowledge does not increase, while that
of her peers increases by 0.5377%. In the next period, the improved knowledge level and

competition forsocial reputation make everybody in the community alter their probabilities of
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asking and answering questions, which leads to a total knowledge increment of 0.3689% for the
focal user and of 0.0054% for the entire community. Then, the dynamic processscéwtthe

end of our observation period, the focal user improves her knowledge by a total of 7.308% and the
entire community improves by 0.6407%.

Similarly, when a user asks a question, she obtains an 11.02% knowledge increment from the
answers providatirectly to her question. During the same period, all of the answers to her question
will be read by the entire community, which results in a 0.2579% increase in knowledge for the
community. In the second period, the increased knowledge level of everyfadypmmunity
allows them to provide more answers to the questions raised. When everybody reads these
additional answers, the community knowledge level further increases. There is a 0.0461% knowledge
increment for the focal user and an average 0.0089edge increment for all of her peers.

Then, this process continues. At the end of our observation period, the knowledge increment of the
focal user is 11.93% and that of the whole community is 0.3347%. Again, the focal user benefits
more than her peersthe long run.

It is interesting to note that the focal user benefits more from asking a question than
answering a question (11.93% versus 7.308%). This effect occurs because (as was discussec
previously) the focal user, being an active knowledge beekéits the most from reading the
answers that are provided to her own questionseMéemsmore interesting to note that for both
sharing and seeking knowledge, the focal individual benefits significantly more than the community.
This finding furtheconfirms that users anticipate future reciprocal rewards from the community
when making asking and answering decisions.

Breaking the Cohort: A Sensitivity Exercise
Based on our understanding of the fundamental drivers of knowledge seeking addcs$iansg

and the formation of the network, we next conduct a sensitivity analysis that requires the knowledge
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seekers to hide their identities while allowing the knowledge sharers to build their ré@ltations.
of the users are still motivated to conte and compete for their reputation. Without knowing the
source of the questions, however, the knowledge sharers cannot selectively answer the questions
asked by the central users. In other words, we do not allow the existing social structureeto influenc
userso6 decision on whose question to answer.
More specifically, we assume that the change occurs at the end of our observation window.
The existing social status and knowledge levels are preserved. After this time, however, whenever an
individual asks question, they are forced to post it anonymously. In this setting, individuals still
gain social status from answering questions. Without knowing the source of the questions, however,
they will not strategically answer questions to increase the prababitiieir questions will be
answered in the future. Due to the large number of individuals in our dataset, the sensitivity exercise
is conducted based on the notion of oblivious equilibrium introduced by Weintraub et 4l. (2008).
The algorithm develop&d Weintraub et al. (2009) is employed to calculate the value functions and
decision rules. We simulate individual behavior for the subsequent 50 periods, starting from the last
period in our dataset.

Table 5. Hiding the Identity of the Knowledge SeekelA Sensitivity Analysis

Probability of Asking Probability of Answering Degree of | Mean Community Knowledge
Questions Questions Core/
Periphery

Core Periphery | Total Core Periphery | Total Core Periphery | Total

Benchmark | 0.0675 | 0.0291 0.0326 | 0.1832 | 0.1229 0.1284 | 0.0501 9.0895 | 3.5119 4.0205

22Here, we acknowledge the limitations of the BBL framework for conducting policy simulation.
Restrictive assumptions are required for the decision rule to avoid dealing with multiple equilibriums
and to guarantethat the solved equilibrium under new policy is not off the chart. Given the
limitations of countefiactual analysis, we only show one modification to the current Qdsegn.
interesting analyses include resetting the individual reputation pereatcaihaging individuals

to answer low socislatus members question by giving them financial incentives, etc. We will leave
these interesting counterfactual analyses for future research.

23When deciding on whether to answer the question, individuaiskshmw who the knowledge

seeker is. Thus we do not need to model the interaction between the individuals and the specific
network structure. This simplification allows us to use an oblivious equilibrium to solve the
equilibrium.

75



Anonymity [ 0.0344 [ 0.0399 | 0.0394 | 0.1786 [ 0.1461 | 0.1491 | 0.0438 | 8.6272 ] 4.4632 | 4.8429 |

a.Here, core individuals are selected as a cohesive group of thirty individuals who are closely communicate with each
other, and periphemgdividuals are the remaining ones who may loosely connected with someone in the core group, but

have rare connection with other periphery ones (Borgatti and Everett, 2000).

Table 5 shows the percentage change in the number of questions asked and answered, the
percentage change in the community knowledge increments under the alternative design, and
compares them with those under the original design. These numbers aretatbsaparmtely for
users with central and peripheral locations. We observe that with this minor change to the design of
the forum, users are more likely both to ask questions (a 20.86% increase) and to answer questions
(a 16.12% increase). These increxses because without knowing the source of the question,
users treat all peers and their questions equally. As a result, othestdatigslosers, who consist
the majority of the users on the forum, are more likely to obtain help from the publithfsum,
they are more likely to seek knowledge as well as contribute to the community..

More importantly, we can see from Table 5 that the degree of core/periphery structure
decreases from 0.0501 to 0.0438 (a 12.57% decrease). The total amount of &omynedaed
at the end of the observation period increases from 4.0205 to 4.8429 (a 20.46% improvement) on
average. This suggests that this slight modification of the existing design encourages knowledge
sharing within the community. Thus, breaking thertdelps encourage participation and
increases the amount of knowledge shared within the community, which is the primary goal of
adopting social media platform. We can further differentiate between the core and peripheral
individuals in terms of the effeof the design change on their knowledge improvement from the
last column. The peripheral members receive a 27.09% knavdesigent improvement (from
3.5119 to 4.4632) at the slight cost of an average 5.09% knmetedgeant loss (from 9.0895 to

8.&72) for the privileged core individuals.

4 5Model Fit
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To evaluate the fit of our model, we recover the empirical CCPs usjmayamoetric
methods in first stage and compare the simulated moments calculated from the equilibrium policy
with the moments frorhe real data.

Table 6. Model Fit

Simulated Simulated
Data Moments Moments from Moments from
Full Model Baseline Mode

Total Number of Questions 652 635.45 742.80
Total Number of Answers 1676 1556.7 2253.74
Average Number of Questions per We 13.04 12.71 14.85
Average Number of Answers per Wee 33.52 31.13 45.07
Average Knowledge Level 1.3123 1.2786 2.4899
Average Social Status 1.0364 1.0401 1.3497

As we can see from first and second columns in Table 6, the simulated moments are very close to
moments from real data, indicating that our model can explain the data well. Here, we also compare
the fit of our model with a baseline model. In the baseline model, we estimate a reduced form model
where the individuals only consider their own curreatvgteen they make decisions. That is, we
assume away the interdependence of t he membe
employ estimated parameters to simulate the network and calculate the corresponding moments.
The results are shown in thedhgolumn in Table 6 above. By comparing the results from our full
model with the baseline model, we can see that the model with interdependency built in is superior.
This result indicates that interdependency assumption fits data better than a naidelistith

Vi ew, and individuals in this community 1incor
knowledge seeking and sharing decisions.

5 Conclusions, Managerial Implication, and limitations

As more and more firms are adopting social media platforms for knowledge sharing, idea

generation, project management, customer service, and identifying sales and marketing
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opportunities, it is important to understand the fundamental drivers of usarltehasiease the
return on investment (ROI). Understanding the dynamics behind the individual participation
decisions becomes even more critical with the fast development of sociah GRMasl social
CRM scenario occurs when customers want to corateithieir problems (i.e., customer support)
or desires (i.e., future product development requirements) to a company and when company
involves more employees and customers to solve customer service relatddcizsiieg.to a
report by Gartner, spendimgp social CRMs is predicted to exceed $1 billion in 2010 which is
approximately 8% of all the CRM spending in that year.

Based on existing theories from economics, marketing, and social psychology, we recognized
the dynamic and interdependent decisieking process and built a dynamic structural model to
i nvestigat e t-beekingiae knomMedgdang detivodsg Applying the model to
data provided by an IT service consulting company, we found the following results. (1) Knowledge
seeking ahsharing on public social platforms are driven by the knowledge and social status of both
the users themselves and their peers in the community. We showed that sharing knowledge with
peers can be better explained by dynamic, interactive decision makiiggpation of future
reciprocal rewards from the community. This result was supported by our further findings that users
are more likely to share their knowledge when their peers are more knowledgeable and that the users
who initiate knowledge seeking aharing actions benefit significantly more than their peers in the
community. (2) The formation of the cohort results from the strategic interactions described above.
The users strategically choose to answer the questions asked by the more e¢edraibetedo
improve their social status and hence to obtain greater future reciprocal rewards. (3) The users
located within the cohort have the advantage of obtaining help from each other and meanwhile
exclude other wuser s feeroinmdipnagrét ibcei hpaavtiionrg .o fT htuhse,

may be an equilibrium result because the existence of a cohort discoustgies logers from
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participating. (4) Interestingly, a decomposition analysis revealed that active learning by asking
guestionsis much more effective for improving knowledge than reactive learning by reading
answer s. (5) A sensitivity analysis found tha
identity can improve knowledge sharing by 35.7%.

These results suggesattlit is important for management to recognize the conspicuous
nature of platform adoption. The adoption can be accelerated by collective action from the entire
community, such as a OKnowledge Sharing Day. o
encourage competition for social status, which has been shown to effectively motivate users to share
and seek knowledge. However, it is important to understand that the cohort formed during the
process of competition excludes remotely located users (whsuallg newcomers) from
participating. Features should be introduced to prevent users from being selective about whose
guestions they answer. Otherwise, the offline knowledge silos to be broken (the original purpose of
adopting social media platforms) mpgear again online. In addition, the social media platforms
should be viewed more as knowlesigking rather than knowledigmation platforms. Thus
economic incentives should also be linked with knovdedigi®g to encourage users to ask
guestions tactively learn from the community.

Our research has some limitations, which open exciting avenues for future research. First, as
stated previously, we made simplified assumptions about the knowledge updating process. We did
not consider the quality ofethanswers. The proposed model can be modified to consider
information quality, by ratings for questions/answers or users, for example. In addition, future
research could relax the assumption that each user reads all the postings and incorporate
information on useibrowsing behavior to more accurately measure knowledge increments.
Furthermore, future research can allow diminishing increments of knowledge as the number of

answers to the same question increases. Second, we did not have information on employee
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productivity and job performance and therefore could not explicitly link knowledge to these
measurements. It will be interesting to incorporate these variables in future research, which may help
better measure the knowledge increments. Third, tkstayeestimation approach allowed us to
explicitly recognize the dyadic nature and endogenize formation of the network. However, these
benefits were acquired at the cost of not being able to consider the unobserved heterogeneity and
inflexibility of running paly simulations. Alternative estimation methods, such as the one proposed

by Aguirregabiria and Mira (2007) and the one suggested by Arcidiacono and Miller (2010), can be
adopted in other research contexts when unobserved heterogeneity and poliayssareuiaiioe

important. Fourth, it will be interesting to apply the model to the B2C and C2C settings, in which

users have more freedom to express themselves.
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