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ABSTRACT
Firms are interested in identifying customers who generate the highest revenues.
Typically, customers are regarded as isolated individuals whose buying behavior depends
solely on their own characteristics (e.g., previous purchase behavior, demographics etc.).
In a social network setting, however, customer interactions can play an important role in
purchase behavior.
This thesis develops a generalizable methodology to identify high-value
customers in a network. Previous work on social networks has focused most attention on
modeling the interaction between individuals and understanding the positions of
individuals in a network (e.g., measuring the influence of an individual based on his/her
degree of network centrality). Little is known about how network influence directly
translates into the benefits to the firm. In this study, the importance of taking into
account both an individual characteristics and network effects when measuring customer
value is argued. Drawing upon the spatial statistics literature, a spatial autocorrelation
model is constructed that explicitly shows how these effects interact in generating firm
revenue.
This model is applied to a unique user-level dataset from a popular online gaming
company in Korea. The data contain information about demographics of individual
gamer, interaction between gamers, behavior within the game environment, and revenues
generated by each individual. First, we propose a static model studying gamers’ revenue
in one period. We quantify the relative impact of an individual characteristics and
network effects on revenue. The proposed static model shows better forecasts of an
individual’s value within a network for the firm than the benchmark models. The
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empirical analysis shows that individuals who are most influential in a network sense are
not necessarily individuals who have the highest customer value.
Next, we incorporate the spatio-temporal aspects of social influence in a network
into the static model. This model is extended to construct the spatial dynamic model to
forecast revenue in a social network. Second, we account for the homophily effects by
separating the contemporaneous network effects out into the contemporaneous, temporal,
and spatio-temporal effects. The proposed spatial dynamic model allows us to quantify
an individual value in a network in a long-term perspective. The dynamic model is
shown to outperform the static, and the other benchmark models in quantifying an
individual value in revenue generation to the firm. Lastly, a dynamic coevolution model
to account for homophily is suggested and discussed for future research.
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ABSTRACT
Firms are interested in identifying customers who generate the highest revenues.
Typically, customers are regarded as isolated individuals whose buying behavior depends
solely on their own characteristics (e.g., previous purchase behavior, demographics etc.).
In a social network setting, however, customer interactions can play an important role in
purchase behavior.
This thesis develops a generalizable methodology to identify high-value
customers in a network. Previous work on social networks has focused most attention on
modeling the interaction between individuals and understanding the positions of
individuals in a network (e.g., measuring the influence of an individual based on his/her
degree of network centrality). Little is known about how network influence directly
translates into the benefits to the firm. In this study, the importance of taking into
account both an individual characteristics and network effects when measuring customer
value is argued. Drawing upon the spatial statistics literature, a spatial autocorrelation
model is constructed that explicitly shows how these effects interact in generating firm
revenue.
This model is applied to a unique user-level dataset from a popular online gaming
company in Korea. The data contain information about demographics of individual
gamer, interaction between gamers, behavior within the game environment, and revenues
generated by each individual. First, we propose a static model studying gamers’ revenue
in one period. We quantify the relative impact of an individual characteristics and
network effects on revenue. The proposed static model shows better forecasts of an
individual’s value within a network for the firm than the benchmark models. The
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empirical analysis shows that individuals who are most influential in a network sense are
not necessarily individuals who have the highest customer value.
Next, we incorporate the spatio-temporal aspects of social influence in a network
into the static model. This model is extended to construct the spatial dynamic model to
forecast revenue in a social network. Second, we account for the homophily effects by
separating the contemporaneous network effects out into the contemporaneous, temporal,
and spatio-temporal effects. The proposed spatial dynamic model allows us to quantify
an individual value in a network in a long-term perspective. The dynamic model is
shown to outperform the static, and the other benchmark models in quantifying an
individual value in revenue generation to the firm. Lastly, a dynamic coevolution model
to account for homophily is suggested and discussed for future research.
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INTRODUCTION
The idea consumer behaviors, attitudes and beliefs are interdependent of others
has been the topic of marketing research for over 50 years. However, there has recently
been increasing popularity of social networking sites, such as Facebook and Twitter, and
more data availability on social connections or interactions among people. These
phenomena have led to a surge of interest among both academics and practitioners in
understanding the effects of social interactions on consumer behavior in socially
connected networks. While some aspects of these effects have already been addressed
and somewhat understood so far, many important questions still remain unanswered.
Despite their huge popularity, many social network (SN) firms still struggle to
find optimal business models for revenue generation. Following the success of Google,
many SN firms have been trying to employ an advertising-driven business model. In this
model, revenue is generated by cost per click (CPC) or cost per action or purchase
(CPA). However, prior research shows that average revenue per user (ARPU) on SN
sites is very low because people visit SN sites to socialize, not to purchase products or
find information. Therefore, the advertising-driven business model has had very limited
success on SN sites. Sergey Brin, Google cofounder, also noted, “I don’t think we have
the killer best way to monetize social networks yet.”
Selling digital items such as music and accessories for virtual avatars is another
popular business model, referred to as the digital items model. On average, the ARPU of
SN firms, which use the digital items model such as DENA in Japan and Cyworld in
Korea, is ten times higher than that of Facebook, which use the advertising-driven model.
Consequently, many SN firms in the US have also been recently experimenting with
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selling digital items through social networks. While user involvement with a site directly
translates into firm revenue in the advertising-driven business model (e.g., SN firms
charge the cost per clicking on the ad), it is different for the digital items model (e.g.
active users are not necessarily the top buyers of virtual items). Therefore, the way to
identify key users who generate high values to firms should be different, depending on
the business model. In this study, our discussion is focused on the digital items model.
Identifying the key users who influence others’ activity and behaviors and
understanding how behavioral contagion spreads through networks are vital for
marketing managers due to the spillover effects of marketing interventions via the
network. Marketing efforts on influential customers in a network would increase the
magnitude and speed of spread in marketing effects in a way not possible in traditional
marketing and would also increase the return on marketing investment (ROMI) for the
future.
Most previous work on social networks has focused on modeling interdependent
behaviors or outcomes amongst connected individuals and identifying influential
individuals in a network inferred from their position in a network. However, little is
known about how these network effects are translated into actual purchases or revenue to
firms. On the other hand, a traditional marketing study typically focuses on the outcome
of marketing variables, i.e., it uses customer characteristics or customer lifetime values
(CLV) to measure the value of consumers. However, this measure could be over- or
underestimated if network effects are not accounted for. In this study, we focus on
identifying an individual’s value in terms of revenue generation to a firm in a digital
items business model setting. We propose a generalizable methodology to identify high-
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value customers in a network that takes into account both an individual’s characteristics
and network effects. Based upon the spatial statistics literature, a network autoregressive
model is constructed to explicitly show how these two effects interact in generating firm
revenue in a social network. A potential linkage between customer profiles and the rank
order of a customer’s influence on revenue generation is also examined.
Our study differs from the literature in several respects. First, this research takes
into account both individual and network effects when measuring customer value.
Because our model allows us to evaluate the interaction effects of individual
characteristics and network effects, we are able to more accurately identify high-value
customers in a network. Second, we examine the impact of social influence on a
consumer’s actual purchase. There are few empirical studies investigating the impacts of
social influence on actual purchases within a social network. Finally, the current study
models individual-level influence simultaneously in the overall system of a social
network. Previous research has focused on social influence within a dyadic relation
(Narayan and Yang 2006) or mean behaviors of a reference group (Nair, Manchanda, and
Bhatia 2010).
The remainder of this thesis is organized as follows. It starts with a review of
various social influence models in the sociology, economics and marketing literature.
Next, the spatial autoregressive model is introduced as the main methodology in this
thesis. Its uses and potential in marketing is discussed. In Chapter 2, a static spatial
autoregressive model to identify customer value in a network is discussed. It is shown
that individuals who are most influential in a network sense may not necessarily be
individuals who have the highest customer value. By analyzing a unique user-level
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dataset from a popular online gaming company in Korea, it is demonstrated that the
predictive performance of the model is better than benchmarks models. In Chapter 3, the
extension of the static spatial model to the dynamic model is explored. We quantify
individual value within a network in a long-term perspective using this dynamic
approach, and discuss the model comparison of identifying customer value in a network
between the static and dynamic model. Finally, Chapter 4 discusses contributions of the
thesis and offers suggestions for future research.
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CHAPTER I
LITERATURE REVIEW
There is a growing body of research in the area of social influence and social
networks in the marketing area. While much work has been done about diffusion
(Iyengar, Van den Bulte and Valente 2010; Watts and Dodds 2007; Argo, Dahl and
Morales 2006, 2008; Goldenberg et al. 2009), word-of-mouth (Trusov, Bucklin and
Pauwels 2009; Godes et al. 2005; Godes and Mayzlin 2004) and joint group decision
making (Hartmann 2010), this study focuses on modeling interdependent decisions of
individuals and identifying an individual’s influence on revenue generation to firms.
This chapter provides a literature review related to the social influence in a
network. Section 1.1 provides a theoretical background on why the actions of different
individual are correlated and Section 1.2 discusses what interpersonal influence means in
this study. Section 1.3 reviews a set of theories and methods of identifying the
importance of an individual actor in a social network analysis (SNA). Section 1.4
discusses several models in the literature that focus on how interdependent behaviors or
outcomes of connected individuals are modeled. In Section 1.5, we review how social
networks have been constructed in prior research. Finally, Section 1.6 presents the
positioning of this research in the literature. In various disciplines such as economics,
sociology, psychology, physics and computer science, as well as marketing, modeling
and understanding social influence in networks has been an area of interest. Since the
field is vast, the focus of this study is on models and literature in the social sciences.
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1.1 Why the individual customer’s behavior is correlated
The notion that we are influenced by behaviors or attitudes of people around us is
suggested by even the earliest theories of social influence on customer behavior. The
conformity theory by Asch (1952) suggests that an individual customer evaluates his or
her own opinion using significant others’ opinions as a proper criterion. Thus, customers
are likely to adopt behaviors similar to those of their significant others.

A number of

articles have shown why individuals adapt themselves to the behavior of a reference
group. For example, Venkatesan (1966) and Sims (1971) find that individuals tend to
conform to group norms due to group pressure. Stafford (1966) shows that individuals
tend to conform to the choice of the leaders of their reference group. Kelman (1961)
identifies three types of social influence on individual behavior, each characterized by a
distinct set of antecedents and a distinct set of consequent conditions; compliance,
identification, and internalization. Compliance involves conforming to a rule while
possibly keeping one's own private beliefs. Conformity is motivated by rewards and the
avoidance of punishment. Identification is a desire to be like the influencer. People
adopt an opinion or a behavior because it puts them into a satisfying relationship with the
influencer. Internalization refers to the belief or behavior and conforming both publicly
and privately.
1.2 What we mean by “Interpersonal Influences”
Interpersonal influence can be defined simply and intuitively by the concept that
an individual’s behaviors , attitudes and preferences are influenced by significant others,
such as friends and families. This definition could be elaborated, depending on the
context. In consumer demand studies, interpersonal influence on consumers’ latent
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preferences has been examined. These are defined as “preferences which depend on
other people’s consumption”(Pollak 1976). The current study defines social interactions
by outcomes such that people adopt similar behavioral outcomes as their significant
others in a social structure, which takes the form of a network. A variety of terms have
been used to describe the same phenomenon: “neighborhood effects” (Datcher 1982;
Case 1991; Bell and Song 2007), “bandwagon effects” (Leibenstein 1950; Mason 1995),
“peer influences” (Duncan, Haller and Portes 1968; Manski 1993), “conformity”
(Bernheim 1991) and “contagion” (Leenders 1997; Iyengar, Van den Bulte and Valente
2010).
While the economics literature has been interested in incorporating
interdependent preference among customers into a demand system, the key questions in
marketing science have involved the mechanism of interdependence, why the actions of
different individuals are correlated, how they may be modeled, and who is more
influential on others. Each topic is covered in the following sections.
1.3 Models of Identifying Interpersonal Influence in SNA
Social network analysis (SNA) has emerged as a key technique to measure an
individual’s influence in a network in the quantitative sociology area. It has been widely
used to analyze social networks in various disciplines such as sociology, economics,
physics, computer science and marketing. These measures are grounded on the basic
assumption that people occupying some important positions in a network tend to have
greater access to relevant resources and tend to have more influence on others (Freeman
1979; Keller and Barry 2003). Various measures have been suggested such as centrality,
structural equivalence and structural holes, etc. (Burt 1987, 1992). For example,
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centrality measures such as degree, betweenness and closeness give a rough indication of
the social power of an actor based on how well they are connected with others in the
network. Thus, the importance of an individual actor can be inferred from his or her
location in the network (Bavelas 1950; Beauchamp 1965; Freeman 1977; Opsahl,
Agneessens and Skvoretz 2010).
This idea that we can measure individuals’ influence on others using their location
in a network has also been discussed in marketing (e.g., Iacobucci 1990, 1996, 1998;
Iacobucci and Hopkins 1992; Van Den Bulte and Wuyts 2007). Social networking sites
allow us to gather relational data among individuals, such as connections of friendship or
the number of messages exchanged. Because these links are easily observable by the
firm and researchers, it might be tempting to apply SNA directly to infer a person’s
importance in the network to the firm. However, measuring customer value in the
revenue creation perspective is more challenging because little is known about how
network influence is translated into revenues to the firm. For example, Trusov, Bodapati
and Bucklin (2010) found that having many links (high degree) did not make users
influential in terms of revenue creation. They illustrate the potential for large gaps in
financial returns to the firm from using model-based estimates of influence versus friend
count. Also, Stephen and Toubia (2010) found that the sellers who benefit the most from
the network are not necessarily those who are central to the network, but rather those
whose accessibility is most enhanced by the network. Iyengar, Han and Gupta (2009)
attempted to quantify social influence in terms of purchase probability and revenues at
the individual level using actual purchase data in a social networking site. They found
significant heterogeneity of social influences, in that highly connected people tend to be
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negatively influenced by their friends’ purchases, whereas people with moderate
connections are positively influenced by such purchases. Thus, so far, it is still a big
question mark for researchers to know how best to go about building models to address
the identification problem of social influence in a network with respect to firm revenue.
1.4 Models of Interpersonal Influence in a Network
Interpersonal influence takes place when an individual customer conforms his or
her behavior or attitude to those of significant others, which leads them to buy similar
brands or have similar preferences. There have been two distinct approaches to model
these interdependent phenomena in econometrics and the marketing literatures: the
individual outcome model and group decision-making. While the current study focuses
on how individual behaviors or outcomes are interdependent on connected others, the
joint group decision model is based on a game theoretic framework to determine which
combinations of actions are at possible equilibrium such that all group members are
satisfied with the chosen outcomes (i.e., Hartmann 2010; Brock and Durlauf 2001;
Soetevent and Kooreman 2007). The individual outcome model is again sub-categorized
into linear-in-means models and the spatial autoregressive (SAR) model, depending on
whether it allows for the heterogeneity of each pair of relations. In the following
discussion, we focus most attention on the individual-level outcomes model.
We structure our brief overview of social interaction models in a network around
whether we consider network effects as a member of subgroups within a network or as a
whole across a population. Each has been referred to as the linear-in-means model and
the spatial autoregressive (SAR) model. While the linear-in-means model has more
tradition in social econometrics (Manski 1993), spatial analysis approaches from
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geography are widely applied to social network research in sociology (Leenders 2002).
These two models basically adopt the same assumptions about the process of social
influence that one individual’s preferences or behaviors are a function of significant
others’ preferences or behaviors. Moreover, the social interactions are amplified through
spillover effects in a network. However, there are several key differences between these
two models.
The linear-in-means model basically presumes that the outcome of each
individual in a group is linearly dependent upon the average outcomes and characteristics
of his or her reference group (Manski 1993). Thus, social interactions are generated by
group-specific averages. In this domain, individual-level variables are typically
aggregated into group-level measures (Hartmann et al. 2008), and significant group-level
variables are interpreted as the presence of neighborhood effects. One basic assumption
of this model is that an individual’s social interactions are grouped. This means that the
populations are partitioned in N non-overlapping social groups, and individuals are only
affected by people in their own groups, not by anyone outside of their groups. Since the
pioneering work by Datcher (1982), much of the empirical literature on social
interactions in econometrics has involved extending the general form of the linear-inmeans model (Solon 1999, Durlauf and Seshadri 2003, Graham and Hahn 2005).
However, these patterns of social interactions are very particular and are not likely to
represent most forms of relationships between individuals, especially social networks as a
whole.
Social network models using the spatial model provide a further focus on the
microstructure of interactions among individuals and allow for the heterogeneity of
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interactions across pairs of individual actors. This stream of research is based upon
Tobler’s first law of geography, in that everything is related to everything else, but near
entities are more related to distant entities. Since the pioneering work of Ord (1975),
spatial autocorrelation models have a long tradition in geography and have been widely
applied to network research in sociology and spatial econometrics. The social networks
and spatial analysis approaches are mathematically very similar. This similarity is not
surprising as spatial econometric approaches deal with physical space, whereas social
networks address a more abstract social space. When the model refers to individuals
instead of spatial units, one has a social interactions model.
In sociology, Doreian (1989) developed a network effects model, which typically
specifies a network autocorrelation structure implying that individuals who are closer to
each other take more similar outcomes due to the more frequent social interactions
between them (Leenders 2002). Models constructed by spatial statistics formalize how
observations among people relate to each other as a function of their relations. This helps
capture the interdependent behaviors or outcomes in a network.
The spatial autocorrelation model has also been increasingly applied to examine
the theoretical and empirical evidence of interdependent preferences in marketing and
economics (Bradlow et al. 2005). Since the pioneering works (Pollak 1976), additional
work has examined the theory and empirical evidence of interdependent preferences
using spatial econometrics approaches such as interdependence in consumer expenditure
allocations (Darrough, Pollak and Wales 1983; Winder and Palm 1989; Alessie and
Kapteyn 1991), charitable giving (Andreoni and Scholz 1998), automobile purchases
(Yang and Allenby 2003), and labor supply (Aronsson, Blomquist and Sacklen 1999).
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Depending on the theory and empirical evidence, network-related interdependent
or correlated outcomes in a network have been incorporated in two different ways. First,
one individual’s outcome may depend directly upon the outcomes of others who are
linked. As such, outcomes of linked others contribute in proportion to their influence.
This is formalized with the inclusion of a lagged dependent variable as an additional
predictor, which is often called a simultaneously autoregressive model (SAR) with a
lagged dependent variable. Alternatively, interdependence may come through error
terms. This may occur when the observed dependence does not reflect a truly causal
effect (homophily or unobserved heterogeneity), when there is an omitted variable, or
when there exist measurement errors. This model is often called the simultaneous
autoregressive model (SAR) with lagged errors. Several extended models containing
both lagged dependent variables and error terms have been suggested in the network
literature (e.g., Dow 1984, Doreian 1989, Friedkin 1990).
In spite of a rich development of theoretical and empirical research on
interdependent outcomes within a network, few studies have been conducted identifying
an individual’s influence on others within a network, perhaps due to methodological
challenges. The beauty of applying this approach to the social network study is two-fold.
Firstly, it allows us to capture spillover effects across individuals or regions. A change in
a single observation associated with any given explanatory variable will affect its own
(direct impact) and potentially all other regions or individuals indirectly (indirect impact).
The application of Kelejian, Travlas and Hondronyiannis (2006) examines the impact of
financial contagion arising from a single country on other countries in the model using
the measure of direct and indirect impacts. Anselin (1988) argues the importance of
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spillover effects in spatial econometrics research. In a social networking study, Katz
(1953) and Bonacich (1987) apply the direct and indirect impacts approaches to measure
the number of direct and indirect connections that an individual has in a network. They
interpret the dependence parameter as the reflection of discount factors that creates the
decay of influence for friends or peers who are located at more distant nodes. Secondly,
the spatial autocorrelation model allows us to represent numerous connected customers in
the overall structure of a network and model interdependent outcomes simultaneously.
For the model specifications, researchers have to decide whether social influence
occurs through the autocorrelation of the dependent variable (Bell and Song 2007),
through the autocorrelation of disturbances (Yang and Allenby 2003), or through a
combination of the two. Anselin (2003) outlines how we can incorporate and express the
direct and indirect impacts of social influence in a network in various ways with the
spatial econometrics model specifications, and Leenders (2002) discusses how the
various theories of social influence in sociology could be operationalized in the spatial
econometrics context. Each model is discussed in Chapter 2.
1.5 Constructing Social Network
A social network is a social structure made up of individuals called “nodes” and
their relationships among them are called “ties” or “edges” (Wasserman and Faust 1994).
Graphs and matrices from mathematics are commonly used to represent a social network.
In a graph representation, vertices and lines are used for individuals and ties respectively.
A social network can also be represented by its adjacency matrix W. In a matrix form,
columns and rows correspond to individuals, and each element of the matrix represents
the degree of strength in the relationships between individuals. In the spatial
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econometrics literature, the relational structure of a network is not estimated, but is
typically assumed to be known for the researcher.
The adjacency matrix W in a network study is not necessarily defined by
geographic information, as is typically done in spatial econometrics contexts, which has
given rise to a variety of discussions in the literature. For example, Anselin (1988) shows
that misspecification of the neighborhood matrix by treating non-neighbors as neighbors,
or vice versa leads to biased estimates (Anselin 1988). While the adjacency matrix in
spatial econometrics is mostly constructed by geographical proximity, this could also be
constructed by socio-demographic similarity, geo-demographic similarity, and selfreported or observed friendships. While these measures are most often binary, symmetric
and non-directional (for example, whether relations between individuals exist or not),
these could also be valued, asymmetric, and directional (for example, individual i exerts 4
times greater influence on j than j does on i). Despite some degree of arbitrariness in the
construction of an adjacency matrix, researchers should at least provide some theoretical
justification of whether a specific measure is a good proxy for capturing the structure of
dependence among people.
Previous literatures have attempted to use various measures of similarity. Spatial
and physical proximity have been widely used as measures that proxy the potential
interdependence among consumers (e.g. Manchanda, Xie and Youn 2008; Nam,
Manchanda and Chintagunta 2008; Conley and Topa 2007; Bell and Song 2007). Case
(1991) shows the interdependent demand for rice consumption in Indonesia by
constructing a neighbor structure using spatial adjacency. Case et al. (1993) also find the
interdependence of public spending in neighboring regions. Smith and LeSage (2004)
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propose a Bayesian probit model with an individual effect using zip code information to
create the neighborhood matrix and illustrate the model by applying it to the presidential
election results. In marketing, Bell and Song (2007) show that customer trial behavior on
an Internet retail site is affected by current customers located nearby. However, there are
some drawbacks of using spatial proximity. A main limitation is that it can only capture
the symmetric and non-directed social interactions among consumers. Also using
adjacent zip code as a proxy for social interactions leads to the loss of information at the
individual level, and the modifiable areal unit problem (MAUP) (Openshaw 1984).
The use of self-report data to construct social networks has much precedence in
the sociology literatures (Coleman, Katz and Menzel 1966; Burt 1987; Strang and Tuma
1993; Robins, Pattison, and Elliott 2001). While sociology studies mainly focus on the
social network itself, such as homophily and network structure, marketing research has
more interest in the influence of social networks on customers’ behaviors, such as
product adoption and word-of-mouth. Using the self-reported social network among
physicians, Iyengar, Van den Bulte and Valente (2010) show that there is a positive
dependence in physician’s adoption of a new drug in a network. Nair, Manchanda and
Bhatia (2010) show that physicians’ prescription behavior is significantly influenced by
opinion leaders using detailed individual-level prescription data, along with self-reported
social networks. Self-report measures have many advantages such as quickness and
directness, but also suffer from various biases, which may affect the results, such as the
social desirability bias.
The recent development of Internet technologies has allowed researchers to use
rich relational data through various online sources. While most of the literature in this
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stream (Iyengar, Han and Gupta 2009; Goldenberg et al. 2009; Trusov, Bodapati and
Bucklin 2010; Trusov, Bucklin and Pauwels 2009; Narayan and Yang 2007) explore the
friendship network and measure the social influence on others in a network, Stephen and
Toubia (2010) use the link formation among sellers in a large online social commerce
marketplace and investigate the overall value created by adding networks.
There is little work in marketing to exploit the multiple types of links between
individuals to construct social networks. Geographic proximity and demographic
similarity (Yang and Allenby 2003; Choi, Hui and Bell 2010), self-reports and spatial
proximity (Iyengar, Van den Bulte and Choi 2011) and spatial proximity-based social
networks down-weighted by demographic distances (Sorensen 2006) have been used to
explore multiple social network structures. Moreover, Yang and Allenby (2003) find that
geographic proximity is somewhat more important than demographic similarity in
explaining the interdependent preferences for automobile choice.
1.6 Positioning of This Research
The positioning of the current study in the context of the relevant literatures
discussed in the previous sections can be summarized as follows:
1. This research measures the value of individual-level influence on others within a
network, whereas spatial autocorrelation models in social network studies place more
attention on modeling the overall dependence of outcomes among connected
customers.
2. The current study takes into account both individual and network effects when
measuring individual value in a network. Most previous studies either focus on
individual positions in a network or an individual’s characteristics such as the
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quantity of purchases and customer lifetime value, respectively. It is important to
consider both effects in order to evaluate an individual’s value in a network more
accurately.
3. An individual’s importance in a network is measured in terms of revenue generation
to the firm using actual purchase data. There are few previous empirical studies
investigating the impacts of social influence on actual purchases within a social
network.
4. We propose an extension of the static network model into the dynamic model with
temporal dimensions. Dynamic approaches allow us to quantify the dynamic value of
individual level influence in a network from a long-run perspective.
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CHAPTER II
IDENTIFYING HIGH VALUE CUSTOMERS IN A NETWORK:
STATIC APPROACH
2.1 The Model
The proposed model is formulated in two steps. We first introduce the
simultaneous autoregressive model (SAR), which captures the potential interdependence
among observations of consumers’ purchases in a network. We then describe how this
model can be used to identify high value consumers in revenue generation.
2.1.1 Simultaneous Autoregressive Model (SAR)
Suppose we observe the purchases of a set of consumers (i = 1, …, N) who are
connected with one another through a network. Let us assume that individual i’s
purchase is influenced directly by connected others’ purchases in the network. In this
case, the estimates of standard ordinary least squares (OLS) will be biased and
inconsistent due to the violation of independence assumptions of OLS (Whittle 1954).
Because levels of dependent variable, Y depend on connected others’ purchase, the
correct model should account for these dependencies among people.
The simultaneous (or sometimes Spatial) Autoregressive model (SAR) provides a
parsimonious form to account for these dependencies by incorporating a lagged
dependent variable or autoregressive term, ρWY, on the right-hand side of standard OLS.
The idea is that the level of an individual’s DV may depend on a weighted sum of DV
across connected others in a network. The SAR model is expressed as (1):
,

(1)
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where

is the network autocorrelation parameter, which represents the overall

dependence of DV among people in a network, Y is a
variable, X is a

matrix of the dependent

matrix of explanatory variables, which includes a unit vector for

intercepts, and β is a

vector of the regression coefficients. The matrix W is an n

adjacency matrix, which represents the strength of potential interactions among people.
The error term, ε, is assumed to follow a multivariate normal distribution with a zero
mean and variance

.

To construct the social network structure, we use the

adjacency matrix W

for n number of individuals. Each element of the adjacency matrix,

indicates the

strength of interactions from individual i to j.
{

(2)

Since individuals are typically not considered to interact with themselves (Yang and
Allenby 2003; Anselin 1988), diagonal elements of the W matrix,

are assumed to be

zero. According to the literature (Anselin 1990; LeSage and Parent 2009), the adjacency
matrix W is usually row-standardized by dividing each element by row-sums to sum up to
one. The normalization of the adjacency matrix allows us to interpret WY as a weighted
average of neighboring values.
The parameter of the lagged dependent variable,

is interpreted as an overall

degree of interdependence among the people in a network. Thus,

implies that

there is no dependence in the observed outcomes, and it simplifies the SAR model in (1)
to the standard OLS. A significant and positive
interdependence in the observed outcomes.

indicates the existence of
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We illustrate how the adjacency matrix W was contructed in the SAR model using a
small sample in the following example. Assume we create a

adjacency matrix C

for 5 individuals, as shown below.

(3)
(

)

C12=4 and C53=4 represents the strength of interactions from individuals 1 to 2, and from
5 to 3, respectively. We can see here that all of the diagonal elements are assumed to be
zero. Then, the adjacency matrix C is row-normalized by dividing all elements by rowsums as the following.

(4)
(

)

We see in the following (5) that the product of matrix W and the dependent variable Y can
be interpreted as a weighted value of the networked values.

(5)
(

(

)( )

)
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2.1.2 Natures of Social Interactions in SAR Model
To see the nature of social interactions in the SAR model, we consider the datagenerating process of the model. The SAR model in (1) can be rewritten as (6).
(6)
Assume that

matrix is invertible and the absolute value of ρ is less than one.

Then (6) can be expressed as the following:
(7)
∑

In the previous section, we construct the adjacency matrix W using the information of the
first-order neighbors, those who are directly connected with each other. Mathematically,
the matrix W2 represents the second-order neighbors, those who are neighbors to the firstorder neighbors. Increasingly, the Wk matrix represents the kth-order neighbor meaning
that people can be reached in kth relational jumps. The mathematical proof of properties
of the adjacency matrix Wk is provided in APPENDIX A.
Form equation (7), we can interpret the data-generating process of the SAR model
as indicating that the dependent variable, Y is generated by combinations of the network
effect,

and the individual characteristics

effect, Xβ. The infinite power series of

in (7) allows us to capture the spillover

effects into the higher-order neighbors. As it goes toward the higher-order neighbors, say
k, the network effects are discounted by ρk. These make sense, since individuals are
usually affected more by nearby individuals than distant ones. Moreover, the infinite
power series of

allows us to capture feedback effects. Since each individual is a
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second-order neighbor to him or herself by definition, the impact of its own change gets
back to itself after passing through its neighbors.
2.1.3 Identifying Individual Influence on Revenue Generation
The data-generating process in (7) can be rewritten as:

(8)
( )

(

)(

where

)

, i, j represents each individual, and k denotes the explanatory

variables.
By taking the partial derivative of
impact of the

with respect to

, we can measure the

change of the kth variable for individual i (LeSage and Pace, 2009).
(9)

Similarly, the derivative of

with respect to

allows us to measure the impact of the

change of the kth variable on everybody else in the system.
∑

⁄

∑

(10)

That is, the diagonal elements of matrix A
(

indicate the impact of

and the off-diagonal elements of matrix A

change on its own, or everybody else in the system,

respectively. Thus, to compute the overall impact of
sum down the

change on the system, we need to

column of matrix A. To illustrate how these spillover effects work in

the SAR model, we provide a small sample in APPENDIX B as an example.
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We define individual i’s value to the firm in a network as the impact of the ith
changes of explanatory variables on the system weighted by the level of individual i’s
characteristics. This is formalized as follows
∑

∑

⁄

∑ ∑

(11)

2.2 Model Estimation
In the current study, we estimate the SAR model in (1) with maximum likelihood.
The log-likelihood for Y is in the form of (12)
|

( )
where

,

|

(12)

is the eigenvalue of the matrix W.

When the matrix W is symmetric, Ord (1975) shows that the condition,
in (13) ensures a positive definite variance-covariance matrix.
More discussions about the bounds for the dependence parameter, ρ are provided in
APPENDIX C. The log-determinant of

is the logarithm of the sum of a

collection of scalar values including all eigenvalues of the adjacency matrix W, as
follows:
|

|

∏

|

|

∑

(13)

Pace and Barry (1997) suggest a convenient form of a concentrated log-likelihood with
respect to β, and

as follows:
|

|

(14)

where κ is a constant that does not depend on ρ,
̂ ,

̂ , ̂

,
, ̂

.
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Several methods to optimize the log-likelihood in (14) with respect to ρ have been
suggested, such as the vectorized approach (Pace and Barry 1997) and the closed form
solution (LeSage and Pace 2009).
Parameter estimates of other coefficients can be obtained by substituting ̂ into the
following:
̂

̂

̂

̂

( )

̂

̂

̂
̂

̂

̂
̂

(15)
(16)
(17)

2.3 Data and Measures
We used unique data on online gaming behaviors from a company in Korea. We
disguise the name of the game and the company for the purpose of confidentiality. Our
datasets cover the Korean online game market, which is the largest and the first that this
company launched. The monthly gaming data between March 2010 and August 2010
randomly selected by the firm are used. This game was released in Korea on July, 2009
by the largest online game publisher and developer in Korea. Currently, there are 0.3
million registered users and approximately 20,000 concurrent gamers. It has been quite
successful in the market and is still in the growing stage.
The model is calibrated on cross-sectional data during March 2010. In addition, a
cross-sectional data for April 2010 are used for the holdout sample. Our data set
comprises 1,000 gamers. We first estimate our proposed model. We then compute the
individual values using equation (11). By rank ordering people based on their values to
the firm, we identify people who are more valuable in revenue generation. Table H1
presents the summary statistics and the description for the primary variables of interest.
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This game is a typical Massively Multiplayer Online Role-playing Game
(MMORPG) in which a very large number of players interact with one another within a
virtual game world. MMORPG is distinguished from single-player or small multi-player
RPGs by the number of players and by the persistent virtual world that continues to exist
and evolve, even while the player is away from the game. Player interaction is one of the
most important aspects of MMORPG. In some cases it is vital to work together as a team
due to some quests requiring a number of players together to successfully complete them.
Coordinated combat or hunting is another mechanism through which people cooperate
and socialize. One other social form within the game is the possibility of “guilds,”
organizations of groups of like-minded players who band together to achieve large goals.
These guilds have a hierarchal structure of leaders who are elected to manage the guild.
Complex politics often play a large part in these guilds with many decisions being made
about which new members to recruit and how special items are distributed among
members. Due to the importance of player interaction in MMORPG, it has been believed
that friends in the network influence each other’s purchase or gaming behavior.
Revenue. This game is basically free. There is no charge to download and play the
game. However, players need to pay to get special or rare in-game items to enhance the
gameplay (better equipment and potions) or to decorate their avatars (ornaments and
accessories). The remaining 40% of revenue is from the Internet café. This Internet café
pays close to 4.15 won per minute usage to the company and then charges its consumers
in the café to use the computers for approximately 1500 won per hour (The won is the
unit of currency in Korea). Thus, revenue can be generated from fees paid by gamers in
the form of game item sales and by the owners of Internet cafés for access time. There
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are two revenue sources for the company: purchases by gamers and charge for spending
time in online cafés. Nearly 60% of revenue is generated by gamers.
Because what we are trying to predict for the company is revenue, we construct the
focal variable to the measure of revenue at the individual level, considering two revenue
sources as follows:
{

}

(18)

where I is an indicator function of whether the gamer plays the game at home (I = 0) or at
an Internet café (I = 1), and the average charge of using an online café is 4.15 won per
minute. Log transformation is used to get a normal distribution. Distribution of Revenue
and log transformation of Revenue are provided in Figures H1 and H2, respectively.
Since most in-game items to be purchased by real money are available to all gamers,
there are no availability issues.
The IP addresses of gamers’ log-in data allow us to identify the locations of users
(Internet café or Home). This distinction is important for us because playing games only
in Internet cafés could be a revenue source to the firm. Because gamers have a strong
preference for game-playing locations, either in Internet cafés or at home, we use the
indicator function I to construct the revenue variable.
Gaming Behaviors. The log-file automatically created by a company’s server provides us
with 13 variables that describe the user’s game playing behaviors. To identify groups of
variables that are related, we use the principal component analysis (PCA). The
“eigenvalue-greater-than-1” criterion and scree plot in Figure H3 suggested retention of
four factors.
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To make factors interpretation easier, the varimax-rotated method is used. Each
factor’s indices are then used as new input variables. For the panel analysis in Chapter 3,
we perform PCA for all observations from March to August and obtain the formula.
Then using this formula, we perform PCA for each month of observation, respectively.
We categorize each factor in Table H2 as follows.


Social Status: Level of Character, Experience Score, Reputation, Guild Master,
Time to Level Up



Guild Activity: Guild Membership, Number of Guild Members, Number of Guild
Wars



Action on People: Death Match (DM) Rating, Number of Wanted, Number of
Players Killed (PK)



Action on World: Number of Monsters Hunted, Number of Building Constructed

Demographic Variables. Age and Gender are collected at the individual level, and House
Value, and Education information at the zip level are provided by the 2005 Korean
Population and Housing Census. Values of the Gender variable are expressed as a
dummy variable: male is defined by 1, and female by 0. The House Value variable is
used as a proxy for income, as is typically used in Korea. The Education variable
represents the percentage of individuals with a bachelor’s and/or graduate or professional
degrees. Because of the collinearity with House Value, the Education variable was
dropped in the study of Chapter2.
Virtual Money. The Virtual Money variable is measured by the proportion of “how much
they spent” to “how much they are available” during this month to control for the service
provided by the company. Both real and virtual money can be used to purchase game

28
tokens. However, game tokens can only be purchased by one source of money. While
merchandise that could be purchased by real money mainly concern those items that
could enhance the game capability, items that could be purchased by game money are
mainly related to exteriors, which do not have an effect on the game itself. Game money
could be earned in the process of gaming by completing quests, mining gold or hunting
etc. By using real money, gamers can avoid long hours endeavoring to accumulate game
money. This may trigger less motivation for players to spend more time earning more
experience and improving their gaming capability. Also, this may explain the relatively
low correlation between game time and payment.1 Thus, to control for the possible
influences of game money on the revenue of the firm, the Virtual Money variable is used
as an input in our analysis.
Strength of Social Interactions. The element of the adjacency matrix,

represents the

strength of social interactions between game player i to j. In MMORPG, gamers are able
to communicate with other players by sending messages. Following the sociology
literature (Leenders 1997), we assume that the strength of social interaction can be
captured by the strength of communication between people.
Estimation of the parameters of the SAR model using Maximum Likelihood (ML)
theory is computationally expensive because of the need to compute the logarithm of the
determinant

of a large matrix in the log-likelihood function.

From (6), we can see that the variance-covariance for the SAR model is
(19)

1 For the balance between the increase of item sales and continuity of game participation, items
that could be purchased by real money or game money are separated (but not completely).
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We need to ensure that

is non-singular and that the product

that equals the variance-covariance matrix is positive-definite. Asymmetric
relations among people are likely to be more realistic, but an asymmetric weight matrix
can have complex eigenvalues. Symmetry might be too strong a requirement to
constitute a realistic model of social interaction in general. However, its simplicity
makes it appealing. Bavaud (2002) suggests the use of a similar matrix having the same
eigenvalues as a symmetric matrix to ensure non-singularity of

and a positive-

definite variance covariance matrix.
To ensure symmetry, we can rely on the use of the quasi-symmetry matrix, first
proposed and investigated by Caussinus (1965). A quasi-symmetric matrix is similar to
the symmetric matrix due to equivalent eigenvalues. Quasi-symmetric weight matrix
possesses real eigenvalues (Bhatia, Kittaneh and Li 1998), which simplifies computing
the logarithm of the determinant. When this quasi-symmetric weight matrix is rownormalized, the largest characteristic root is greater than zero, and the smallest
characteristic root is smaller than zero (Ord 1975). These properties facilitate the
maximum likelihood estimation of ρ and ensure the invertibility of the matrix
(Ord 1981).
The matrix

is quasi-symmetric if it can be written as

row values and

where

column values. In this research, we assume that A

and B are identical, so that
(20)
We use the total number of message exchanges between person i and j for
number of messages sent by individual i for

, the total

, and the total number of messages sent by
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j for

. The neighbor matrix

is obtained by dividing each element of (20) by row-

sums, which allows us to interpret WY as a weighted average of the neighbor’s value.
That is,

can be expressed as
(21)

Equation (21) indicates that the impact of person j on person i in the network structure
depends upon the activity of individual j ( ) and the amount of social interaction
between i and j ( ).
2.4 Empirical Analysis
The procedure of the empirical analysis involves two steps. As a first step, we
compare our proposed simultaneous autoregressive model to reduced benchmark models,
demonstrate better performance of our model, present parameter estimates and interpret
them for the calibration sample (March, 2010). In the second step, the predictive
performance of the models is verified on the holdout sample (April 2010). Finally, we
discuss the managerial implications and summarize.
2.4.1 Test of Interdependence
Interdependent outcomes between individuals could be explained by different
sources: direct influence from friends (lagged dependent variables) or omitted factors
such as the existence of a local marketing campaign (lagged error terms). However, these
are not always easy to distinguish. Because the theoretical basis for the sources of
interdependent outcomes is not that clear in the current study, several statistical tests are
performed for model specification which include Moran’s I test, the Lagrange Multiplier
(LM) test and the Robust LM test for error dependence, as well as the LM and the Robust
LM tests for lag dependence (Anselin 2001). The null hypothesis for Moran’s I and LM
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tests for error dependence is that λ = 0 in (14) when there is no spatial lag dependence,
that is, ρ = 0 in (6) whereas the Robust LM for error dependence tests the null hypothesis
that λ = 0 but does not restrict ρ to be zero. Similarly, the LM test and Robust LM test for
lag dependence is the other way around. That is, the Robust LM lag test is used for
checking lag dependence, correcting for the presence of error dependence.
Table H3 provides the test statistics for six tests. We can see that both simple
tests of the lag and error are significant, thereby indicating the presence of dependence.
The robust tests help us discriminate what types of dependence may be at work. From
the test statistics of the Robust LM (error) and the Robust LM (lag), we found that the
spatial lag should be responsible for the underlying-dependence process, since the test
statistics in the Robust LM (lag) are significant at 1%, while the Robust LM (error) are
not. This result means that when the lagged dependent variable is present, the error
dependence disappears. Based on these test statistics results in Table H3, the following
estimation will use the spatial lag specification as shown in (1), in which the error term is
assumed to follow an iid error structure.
2.4.2 Model Comparisons
We evaluate the model in terms of model fits and the predictive capability of
models in identifying an individual’s influence on revenue generation to firms,
respectively. To do so, we estimate the models for two types of data: in-sample data that
occurred during March, 2010, and additional data (out-of-sample) that originate from the
same source (N=1,000), but are taken from data that occurred during April, 2010. For the
holdout sample, we keep using the same value for the demographic variables such as Age,
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Gender, and House Value, but update information for other variables, such as Virtual
Money and Gaming Behaviors. The W matrix is assumed to be constant.
Evaluation of the model involves two steps. For the model fits, the proposed SAR
model is compared with two other benchmark models, based on the Akaike Information
Criterion (AIC). For evaluations of predictive capability of the model, Mean absolute
deviations (MAD) and correlation of the rank orders between forecasts and actual
observations are used, respectively. The MAD in the current study is simply the
arithmetic mean of the absolute differences between the predicted and actual value:
∑

|̂

|

(22)

To rank order people in terms of individual value in a network, we examine
Spearman’s rank correlation between forecasts by each measure and actual values.
2.4.2.1 Benchmark Models
Two benchmark models are used to evaluate the fits of the proposed SAR model.
The starting point of the empirical analysis is a parsimonious model. We call the first
benchmark model, the “Network” model, where we consider the network effects only. It
has the following specification.
Network model:
We refer to the second benchmark model as the “Segmentation” model, where we assume
independence in observations and consider an individual characteristics effect only.
Segmentation model:
We call our proposed model the “SAR Interaction” model, which considers both
network and individual characteristic effects simultaneously.
SAR Interaction:
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All models are assumed to have intercepts.
2.4.2.2 Predictive Performance
The model comparison is presented in Table H4 for the calibration and holdout
samples, respectively, for 3 different models. To verify the predictive performance of the
models for the measurement of individual value on revenue generation, we use two
different measures: MAD and the correlation of rank orders between forecasts and actual
observations. For the comparison of correlations, two centrality measures from the
sociology literature, degree and betweenness (Freeman 1977, 1979) are used as additional
benchmark measures. For details of these centrality measures, refer to APPENDIX D.
Comparisons to those centrality measures are important because they only consider the
network effects, whereas our proposed model considers both network and characteristics
effects.
The model fit statistics in Table H4 (both in-sample and out-of-sample) indicate
the following results. First, while the proposed SAR interaction model leads to an
improved in-sample and out-of-sample fit, the Network Model is the worst-fitting model
in terms of MAD. The concordance of the predictive capacity of out-of-sample data and
that of in-sample data confirms good performance of the proposed model. Second, the
difference of the out-of-sample fit statistics between the Segmentation Model and the
SAR Interaction Model is modest in size. This may indicate that individual
characteristics contribute more to individual revenue to the firms than network effects.
We will return to this issue in the following section.
To see which effects drive an individual’s value on revenue generation, we create
a 3D scatter plot. Figure H4 displays a 3D scatter plot of an individual’s value, obtained
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from the data-generating process of the Network Model, the Segmentation Model, and
the SAR Interaction Model for in-sample data. Figure H4 shows that an individual’s
value in a network goes up as the network and segmentation effects go up. The diagonal
trend in Figure H4 provides evidence that the segmentation effects contribute more to
generating revenues.
To quantify the relationship between segmentation and network effects, we
estimate the following:
SAR Interaction Effects
=a + b Network Effects + c Segmentation Effects

(23)

This could be rewritten as:
Network Effects
= (Interaction Effects – a) / b – c / b

Segmentation Effects

(24)

Parameter estimates in (24) are shown in Table H5. We obtain 3.286 of c / b, which
means that the segmentation effects are approximately 3 times larger than the network
effects.
An analysis of the contour maps shows that the segmentation effects are dominant
in revenue generation. That is, people who have more connections with others and who
have a central position in a network are not necessarily those who generate revenues for
the firm. These findings are consistent with previous research in marketing (Stephen and
Toubia 2010; Trusov, Bodapati and Bucklin 2010).
Second, we compute Pearson correlations between the predicted and actual
revenue by each model in Table H6. Results are in line with those in Table H4,
indicating that our proposed model again outperforms other benchmark models. The
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segmentation model falls slightly behind our proposed model but much better than the
other models. Spearman rank order correlations between predicted and actual revenue by
different models are also provided in Table H7. Models only considering network effects
do not perform as well as the complete model. This result confirms our finding that
people who have more connections with others and who have a central position in a
network are not necessarily those who generate the most revenue for a firm. It is
noteworthy that Katz (1953) and Bonacich (1987) in a sociology study construe the
network-only model as a measure of centrality of individuals in a social network. The socalled Katz-Bonacich Centrality measures the number of direct and indirect connections
that an individual has in a social network.
Adopting the customer relationship management (CRM) literature, we also
examine the Gini coefficient in evaluating the predictive performance of our proposed
model. The Gini curve has been widely used in CRM studies to examine the predictive
power of model. The idea is that the horizontal axis is based upon the predictions of the
model. The vertical axis shows the actual purchase behavior of the individuals. The 45degree line is what is expected of a method that sorts people randomly. The best
forecasts show the most deviations from this random-sort line. As we start from zero on
the graph, we are actually going down the list from top to bottom (best to worst). The
fact that the line of our proposed model is very high in higher-order customers in Figure
H5 indicates that our method in rank-order customers is particularly good at identifying
people at the top of the revenue list. These are obviously the people we care most about
for marketing purposes. This result is also confirmed in the revenue curve in Figure H6.
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In sum, model comparisons in this section suggest that incorporating both
network and segmentation effects improve the predictive power of the model for the
observed correlated outcomes in revenue.
2.4.3 Parameter Estimates and Interpretation
Parameter estimates of our proposed model are given in Table H4 above. The
significantly positive parameter ρ (0.368) in Table H4 indicates that there are network or
spillover effects of consumer’s consumptions in online games, that is, revenue to the firm
in our empirical analysis. Thus, people who are nearby tend to affect each other’s
consumption. This finding is consistent with past work regarding neighborhood effects
on automobile purchase behaviors by Yang and Allenby (2003).
A strong and positive ρ leads to spillover effects in our datasets, as shown in
Table H4. Since the parameter ρ < 1, parameter ρ could be interpreted as a discount
factor that creates the decay of influence as we move to more distant friends. That is,
close friends are more influential than distant friends.
Parameter estimates in Table H4 indicate that gamers who generate more
revenues to the firm are more involved with the game, have higher income, are more
socialized and spend more virtual money. Even though age and gender variables are not
significant, sign of parameter estimates of these variables might imply that as gamers
who are younger and male, are more likely to generate revenue to the firm.
2.4.4. Profiling Customers by the Individual Level Impacts
A change in a single observation associated with any given explanatory variable
will affect its own (direct impacts), potentially all other individuals indirectly (indirect
impacts) and both (total impacts). Anselin (2003) provides the individual-level measure
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of direct, indirect and total impacts on the dependent variable as the following (Anselin
2003).
Direct Impact (i) =

(25)

Indirect Impact (i) = ∑

(26)

Total Impact (i) = ∑

(27)

where the n by n matrix,

, and individual i.

Distributions of direct, indirect and total impacts at the individual level are shown
in Figures H7, H8 and H9. Summary statistics of these three impacts are provided in
Tables H8 and H9. Using individual-level measures of customer direct and indirect
influences on others in terms of revenue generation to firms as a dependent variable, we
profile customers by running simple regression.
Parameter estimates of OLS in Table H10 indicate that the degree of influence on
oneself or others could be explained linearly by some covariates we have; thus, we can
use this to describe who is more influential on other’s revenue-generating decisions in a
network. We use the same covariates in this analysis as those in the SAR Interaction
model. These covariates accounts for a large proportion of the observed variation in the
direct and indirect influences: the adjusted R2 is 40.6% and 55.1%, respectively, and the
F-statistics are highly significant.
These reveal an interesting characterization of gamers who have stronger spillover
(indirect) effects, that is, influence on others, and the findings make sense intuitively.
Gamers who exert a higher influence on others are the ones who are more into the game:
they are more active in a guild, have more interaction with other gamers, have higher
social status in the virtual world, and have more virtual money. To profile these gamers,
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population is divided into two groups, which have higher and lower influence on others,
and the mean of each group is examined in Table H11.
2.5 Additional Issues
2.5.1 Endogeneity
Our empirical results may suffer from an endogeneity bias due to the potential
simultaneous relationship between independent (various gaming behaviors) and
dependent variables (purchase of in-game items and choice of gaming time), in that
purchasing game items is also part of game playing. Ignoring a possible endogeneity
problem leads to inconsistency of parameter estimates.
One method to account for the potential simultaneous bias is to use an
instrumental variable procedure (Greene 2003). If we assume that the lagged variables
are uncorrelated with the error term, simultaneous endogeneity could be corrected to
some degree by using lagged variables. We use the lagged values by 1 month for Virtual
Money, and 4 Gaming Behaviors, which have changed over our observation period of
March through August 2010. In this specification in Table H12, all estimates of the
endogeneity-corrected model in the second column are fairly robust to their counterparts
of their original model in the first column. The only noticeable change is the estimated
level of magnitude. We did not correct the standard errors for the instrumental variable
procedure. Nevertheless, the simultaneity bias does not seem to have any significant
bearing on our main findings, so standard error correction also may not be a major issue.
2.5.2 Decomposition of Revenue Sources
Revenue can be generated from two different sources for the firm: fees paid by
gamers in the form of game item sales or by owners of Internet cafés for access time. We
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can see some differences of distribution for total revenues—game time payment, and
item purchase payment—in the following Figures H10, H11, and H12. Also a higher
correlation (0.486) between total revenues and item purchase payment than that (0.182)
between total revenues and game time payment in Table H13 implies that item purchase
payment drives more revenue to total revenue. Since the consumer purchase decision
process may be different for the two decisions, we separately analyze game time payment
and item purchase payment.
When we deal with game time payment and item purchase payment, there
are a number of zero observations shown in Figures H11 and H12, which results in a
truncated distribution for dependent variable observations. To account for some
zero observations in the dependent variables, we apply the Spatial Tobit model for
the analysis.
The latent regression model, when censoring occurs at zero, takes the form in
(28). The observable variable

is defined to be equal to the latent variable

whenever

value of this variable is above zero and zero otherwise.
{

where

(28)

The adjacency matrix W constructed in the previous sections is also used for the
analysis. The estimation scheme of the SAR Tobit model is detailed in APPENDIX E.
The parameter estimates of the SAR Tobit model using item purchase payment, and game
time payment as a dependent variable are reported respectively in Table H12. Since all
estimates of endogeneity correction models in Table H12 are fairly robust to their
counterparts reported in their original model, we argue that endogeneity may not be a big
problem in our dataset. One noticeable finding here concerns the change of magnitude of
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the overall dependence measures in the system with different dependent variables.
Overall social influence (ρ) for the prediction of item purchase is higher than that for the
prediction of game time payment. While game time payment of peers is not observable,
peers’ game item purchases are more visible to gamers. This empirical finding implies
that people are more influenced by observable activities. Since endogeneity and different
revenue sources does not seem to be a big problem in our dataset, we will focus on the
proposed SAR model in section 2.1, which uses total revenue (revenue from game item
purchase and from game time payment) as the dependent variable in the next chapter.
For the simplification of computing forecasts, we treat the censored observations
as observed, which are replaced for the latent values of

and apply the same logic used

for the SAR model to measure the individual’s influence on revenue generation as in
(20).
Because each model predicts different things, our interest here is how a similar
rank order is predicted by each model, and why this works. Spearman rank order
correlations between each model in Table H13 shows that correlations between the SAR
Tobit model with Item Purchase and the SAR model with Total Revenue is higher than
that between the SAR Tobit model with Game Time Payment and the SAR model with
Total Revenue. This finding might be explained by the fact that in Table H14, Item
Purchase contributes more to Total Revenues than Game Time Payment.
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CHAPTER III
IDENTIFYING HIGH VALUE CUSTOMERS:
DYNAMIC APPROACH
Observed correlated behaviors amongst customers in the network can occur due
to different reasons such as social influence, homophily and contextual effects (Manski
1993; Moffit 2001; Hartmann et al. 2008). Individual behaviors tend to be affected by
significant others such as friends, family or neighbors, which is referred to as social
influence. Homophily occurs when individuals tend to behave similarly as their friends
because they have similar background characteristics such as socioeconomic status.
Alternatively, individuals tend to behave similarly when they are exposed to the common
contextual effects such as marketing interventions, or economic shocks.
An example of clustered observations of smoking behaviors may help clarify
these distinctions. Social influence exists if smokers acquire smoking habits from their
friends. Homophily exists if people tend to select friends who are similar, in this case,
smokers. Or Smokers are exposed to a common marketing mix such as cigarette
advertisements.
Distinguishing these potential sources is important because each has different
policy implications. Consider, for example, marketing actions targeted to some of these
customers. If purchase decisions are affected by friends, then effective marketing
programs aimed at the right customer not only directly increases sales by target
marketing, but also indirectly has an impact on the increase of sales of his or her friends
through the connections they have in a network. Homophily and contextual effects do
not generate this social multiplier effect.
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The proposed model in Chapter 2 shows good predictive performance. Even so,
the model can be potentially improved by incorporating dynamic dimensions, which can
provide us with some information (i.e., temporal spillover effects) not available from our
proposed static model. This step will make the current model of identifying individuals’
influence on revenue generation more general within a network.
The objective of Chapter 3 is to measure an individual’s value on revenue
generation from a long-term perspective. To do so, firstly it discusses how time
dimensions can be incorporated into the base SAR model in (1) and suggests a general
framework of the spatial dynamic panel model. Then it describes how to apply this
model to quantify a cumulative individual’s value in a network over time in revenue
generation. In a third section, alternative models or additional issues are discussed.
Finally, it concludes with a summary.
3.1. Dynamic Model
3.1.1. General Framework
Here, we utilize a general form of spatial dynamic panel model suggested by
Anselin (2001) as a “time-space dynamic model” to account for homophily and peer
influence, as well as temporal inertia effects.
A customer’s current period behavior tends to be influenced by his or her own
past period behavior due to habit formation (Ronis et al. 1989) or persistence (Fishbein
and Ajzen 1975), and this tendency has nothing to do with social influence. Thus, the
omission of this variable in our model specification may lead to the overestimation of
social influence. To account for this potential serial lag effect termed as inertia in our
study,

is added as an extra variable to the SAR model.
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Anselin (2001) and Yu et al. (2008) consider a general framework of the dynamic
spatial panel model that allows for contemporaneous effects and inertia effects, as well as
one-period of temporally lagged social influence in (29):
(29)
where

is an

is an

vector of dependent variable at time period t for i=1,2,…,N ,and

matrix with k covariates including intercepts at time period t.

coefficients, β is assumed to be constant over time and space. W is an
matrix, and

adjacency

is assumed to follow iid across i at t with zero mean and variance

is a parameter of contemporaneous dependence,
parameter

vector of

is a parameter of inertia effects, and

measures temporally lagged social influence. When the scalar parameter

takes on a value of zero, the model in (29) is reduced to the static SAR model in
Chapter 2.
Thus, the dynamic model allows us to separate the contemporaneous social
influence effects, as measured by

in the static model into three pieces:

contemporaneous, inertia and temporal social effects. The motivation of this model
specification is a potential temporal dependence of social influence. Such influence may
occur immediately so that we can observe that influence in the same time period, but very
often social influence is assumed to take some time to operate. To account for this
different manifestation, the weighted average of the consumption level of connected
others during the previous time period, denoted by
equation (29). While

is added as an extra variable to

in equation (29) represents a measure of pure social influence,

captures the mixture effects of social influence and homophily, meaning that they buy the
same things because they are the same type of person. Inertia effects happen when
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people tend to persist in their past behavior (adjustment). We also include the same
variables of individual characteristics, as used in the static SAR model in Chapter 2. Due
to data limitations, we do not include any contextual effects in the current model
specification. Distinguishing contemporaneous social influence and the homophily effect
is statistically challenging. Thus, the dynamic model allows us to capture pure social
influence effects by teasing out social influence, homophily and inertia effects.
Decomposing

in the cross-sectional SAR model into ,

here is

important because it provides marketing managers with additional information about the
underlying process of correlated behaviors in a network, which is not available from the
static model. For example,

suggests that the temporal inertia effect is larger than

the contemporaneous mixture effect of homophily and social influence. And
implies that pure social influence drives customer behaviors and is correlated more than
the contemporaneous mixture effect. Thus, by comparing the magnitude of parameter
estimates, we can identify what the main driver is of correlated behaviors. For the model
specification, we start with a general framework of the dynamic spatial panel model in
(29) and try to determine the most appropriate model for our data via the LM test.
3.1.2. Data-Generating Process
Equation (29) can be rewritten as
(30)
(31)
{

}

(32)
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(33)
where the matrix L represents the time lag operator

, and

.
Let

be an

vector of observations during the period c. Also let Y be an

vector of cross-sections stacked by the period for T periods. Then Y for T periods can be
expressed as a following vector form in (34).

( )

(

where

),

(34)

is individual i’s consumption during the

and

period c, i=1,2,…N.
Let X be an

matrix of cross-sections stacked by period. Then X for T periods can

be expressed as the following matrix form:

(35)
(

where

(

)

),

is the kth variable for

individual i during the period c, i=1,2,…,N and k=1,2,…,r.
From equation (29), we can see that

represents the cross-sectional

dependence of an individual’s behaviors or outcomes in a network, and
represents the temporal dependence of an individual’s behaviors or outcomes in a
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network. Thus, the spatial dynamic panel model for T periods in (26) can be rewritten
using some filter matrix S as the following:
(36)

where

matrix, and
(

and

)

For simplification, we assume that for the first period, there is only contemporaneous
dependence, that is, there is no temporal dependence.
The expression for each cross-sectional observation shows more easily how
contemporaneous-temporal filter matrix S works in the data-generating process. From
(33), the data-generating process can be rewritten as the following.

(37)
(

)( )

(

)

Then,
(38)
(39)
(40)
(41)
That is, we can see that the S matrix represents contemporaneous and temporal
dependence between dependent variables Y.
From (34), the DGP of Y can be expressed as
(42)

47
∑

(43)

where k represents kth explanatory variables.
takes the form of a lower triangular block matrix in (40), containing blocks with
matrices. Details of how to solve the inverse of the block matrix

are in

APPENDIX F.

(44)
(

)

where
The comparison between (6) and (44) makes clear the difference between the
cross-sectional and dynamic model we proposed. While the cross-sectional SAR model
captures only contemporaneous network effects through

in (6), the dynamic

SAR model captures the complicated non-linear contemporaneous network effects,
inertia effects, and pure social influence effects through

matrices in (44). We

discuss more in detail about how network effects work over time through the
matrices in the next section.
3.2 Identifying Individual Influence
Our focus here is on the identification of individual i’s value in a network in terms
of revenue generation from a long-term perspective. As is similar to Chapter 2, the
dynamic SAR model in (42) allows us to quantify the influence of an individual in a
network over time by calculating the cumulative impact of a change in the ith observation
of the kth explanatory variable at time t over T periods (T=1,2,…,), which leads to a
change in its own future behaviors (

), as well as in others future behaviors (

).
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The data-generating process in (42) can be rewritten as:

∑
(

)

)(

(

)

=∑

(45)

(

)

(

)

where i, j represents each individual, k denotes the kth explanatory variable and the first
column of X is a constant unit vector whose coefficient is the intercept.
For the

individual at time t, (45) would take the form of:

∑
∑
∑
∑

(46)

Thus, this could be rewritten as a reduced form, as follows:
∑ ∑

{

}

∑ ∑ ∑

{

}

(47)

Similar to the cross-sectional SAR model, the impact of a change of individual i
in the kth variable at time t for one time period could be written as:
∑

(

)

∑

{

}

(48)

and the general form of the cumulative impact over T periods from a change in the
explanatory variables takes the form in (49):
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∑

∑

(

)

∑

{

}

(49)

To compute the individual customer value in a network within a dynamic setting,
we start from the cross-sectional definition of individual customer value in a network
used in Chapter 2. We define individual customer value on revenue generation to the
firm at time t as the impact of the ith changes of explanatory variables on the system
weighted by the level of individual i’s characteristics, which is formalized as (50).
∑

∑

⁄

(50)

This cross-sectional definition of individual value can be easily generalized in a
panel setting with the dynamic model, which allows us to quantify a cumulative T-periodahead impact of a change in k explanatory variables at time t for individual i in (51).

∑

∑ ∑

(

)⁄

∑ ∑

{

} where

(51)

By analogy to the cross-sectional SAR model in Chapter 2, the diagonal element
in (45) represents the impact of the ith change at time t on its own for the time
window N that arises from both time and network dependence. Also by summing down
the jth column of this matrix, ∑

, it reflects the impacts of the ith change at time t

on everybody else in the system for time window T. That is, they sum up the
contemporaneous spillover and temporal diffusion impacts that arise over time on all
other people in a network
APPENDIX G illustrates how the rank order of an individual’s influence on
revenue generation from the dynamic spatio-temporal model may potentially shift results
from the cross-sectional SAR model. Measures by the dynamic model allow us to better
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identify who is more influential in revenue generation with information not available
from the cross-sectional SAR model.
3.3 Estimation
Estimation methods have been widely discussed in the previous literature. In this
study, we use the maximum likelihood approach by Anselin (1988) and Elhorst (2001)
The conditional log-likelihood function for the dynamic spatial panel model is
given as follows :
∑

|

̅

∑

(52)
̅

where

represents

eigenvalues of the matrix W.
The unconditional log-likelihood function is as follows:
∑
∑

̅

̅

̅

∑
(53)
̅

where
eigenvalues of the matrix W,

represents
.

Since T is small, the first observation contributes greatly to the overall likelihood.
Thus, we use the unconditional likelihood to estimate the model instead of conditional
likelihood following Elhorst (2001). Furthermore, we adopt an iterative two-step
procedure suggested by Elhorst (2001). More details about estimation methods are
provided by Elhorst (2001).
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There are some stationary issues in spatio-temporal dynamic models. The spatiotemporal process generating the data is covariance stationary (Yu et al. 2008 ) if
|

|

(54)
3.4 Empirical Results

3.4.1 Empirical Findings
We report the parameter estimates for the models across 6 sample months, March
through August, 2010 in Table H15. Our estimates for the models are stationary, since
the sum of the parameters is less than one which meets the stationary requirements in
(54). Specification in the first column focuses on the contemporaneous network effect,
thus ignoring the temporal effect. In the second column, the lagged social influence
effect is added into the model. In the third column, all three effects—contemporaneous,
lagged social influence and inertia effect—are included for the model specification.
Comparing the results for the three specifications in terms of AIC, one sees that
overall, the dynamic SAR models have a better fit than the static model. Especially the
fact that the inclusion of all effects, contemporaneous, lagged social influence, and inertia
effect provides the smallest AIC suggests evidence for a better fit of this specification.
However, most of the explanatory variables are not significant in the dynamic model,
which implies that the dynamic temporal effect plays a significant role in explaining the
variability in the customer’s revenue generation to the firm.
Parameter estimates in Table H15 imply that overall there is a contemporaneous
social influence effect in our observation, even though it becomes slightly weaker when
other effects are considered. Once lagged social influence and the inertia effect are
included, contemporaneous social influence becomes weaker. The inclusion of the
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lagged social influence effect in the second column leads to a reduction in
contemporaneous social influence, measured by

from about 0.357 to 0.219, which

suggests that there is less evidence for the contemporaneous effect. If the inertia effect is
included, this also comes with a positive coefficient (0.273). Overall, there is evidence
that both contemporaneous social influence and inertia effects strongly exist.
When both

and

are included jointly, lagged social influence becomes

negative and significant (-0.065) in the fourth column. This empirical finding is a
somewhat surprising result, indicating that peers past purchase have a negative influence
on one’s own current period purchases. This finding may be due to potential collinearity
between

and

, because the coefficient on the inertia effects remains positive,

in fact, it goes up. Or it may be due to model misspecification. Since the network
structure in the current study is assumed to be fixed over time, the coefficient of lagged
social influence in our model of the form (30) may not accurately represent the peers’
buying behaviors in the past if relations among people vary over time.
There are several results that are common across different specification of models.
First of all, Age and Gender do not have a significant influence on revenue generation to
the firm. Second, Guild Activity, Action on People and House Value always have a
positive influence on revenue generation. Third, the impact of the network seems to have
lasting effects, since the inclusion of all effects leads to a better fit with stronger inertia
effects than the social influence effect. Overall, it is clear that without

and

variables, the evidence for contemporaneous dependence would have been overestimated.
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3.4.2 Model Comparison
We evaluate the model in terms of model fits and predictive capability of models
in identifying an individual’s influence on revenue generation to the firm, respectively.
To do that, we estimate the models for two types of data: in-sample data that occurred
from March, 2010 through July, 2010 and additional data (out-of-sample) that originate
from the same source, but are taken from data that occurred during August, 2010. For the
holdout sample, we keep using the same variables Age, Gender, and House Value but
update information for the other variables such as Virtual Money and Gaming Behaviors.
The W matrix is constructed using only in-sample observations assuming that the network
structure is consistent over time.
Evaluation of the model involves two steps. For model fits, the proposed spatial
dynamic panel model is compared based on the Akaike Information Criterion (AIC). For
evaluations of predictive capability of the model, Mean Absolute Deviations (MAD) and
the Gini coefficient are used, respectively. Tables H15 and H16 show that the spatial
dynamic panel model utilized here performs better than the static model in terms of AIC
and MAD. Figure H14 shows that the Gini curve of the dynamic model is on top of the
Gini curve of the static model, which indicates that the dynamic model performs better in
identifying high-value customers. In particular, it shows that the dynamic model does a
very good job at identifying customers on the top of the revenue list, who marketing
managers care most about. From MAD and the Gini curve, we can conclude that
dynamic spatial panel models introduced here represent a good way to identify individual
customer value in a network over time.
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3.5 Summary
Chapter 3 aims to identify an individual’s influence on revenue generation in a
network from a long-term perspective by incorporating temporal dynamics into the base
static SAR model. We extend the static approach proposed in Chapter 2 for measuring an
individual’s influence in a network to the spatial dynamic panel model, which is
consistent with the treatment of regression coefficient estimates, where we view these
estimates as reflecting how changes in the explanatory variables impact the dependent
variable on average over the sample. An implication of our model specification is that
changing the value of the explanatory variable in one person in a single time period can
impact others in the same time period, as well as his or her own and other people in
future time periods. Thus, the measure of influence at the individual level using the
dynamic spatial panel model allows us to better identify who is more influential in a
network with information not available from the cross-sectional SAR model. We
empirically show that the dynamic approach predicts individual value in a network better
than the static approach. Further extensions to account for distinct sources of network
correlation such as homophily and contagion are necessary to avoid biased inferences
from omissions.
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CHAPTER IV
CONCLUSIONS
Customer behaviors are assumed to be interdependent with others in a network.
By applying the spatial autoregressive model, this research develops a methodology to
identify an individual’s value within a network in terms of revenue generation to the firm.
The research demonstrates empirically that the proposed approach provides better
forecasts compared to benchmark models. Also, dynamic approach accounting for inertia
effects and temporal network effects is shown to provide better predictions than the static
approach.
There are several contributions of this thesis to the marketing science literature.
First, we empirically show that social influence plays an important role in customer
purchase behaviors. When we take into account both an individual’s characteristics and
social influence, it performs better in predicting customer purchase behaviors in a
network setting. While most of previous works on social networks have focused on
modeling interdependent outcomes, the proposed model shows how social influence
interacts with individual characteristics and how this interaction affects actual purchase
behaviors.
Second, this thesis demonstrates how spatial statistical models can be used to
measure individual customer value in terms of revenue generation to the firm using both
customer network information and customer characteristics information. In particular,
the approach does a very good job at identifying people with higher values, who we care
most about for marketing purposes. Social influence typically takes some time to have an
impact. For this reason, it is important to account for the long-term effect of social
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influence. We show that the spatial dynamic panel model performs better than static
models and other benchmark models in predicting customer value. This strong empirical
evidence implies superiority of the spatial dynamic panel model as a method to rank
order customers in a network in terms of revenue generation.
Third, from a managerial perspective, this thesis contributes to marketing
knowledge of customer relationship management (CRM). The proposed value function
of individual customer can be used as a method of targeting households. When marketers
can measure the value of each individual customer in terms of revenues, they can use this
information to treat households differently for target marketing.
Finally, our model can be extended in various ways. While our proposed model
analyzes how social influence has an impact on customer behaviors taking the network
structure given, network structure is not static but naturally changing over time.
Considering the dynamics of customer behaviors and network structure simultaneously is
important in understanding the phenomena of homophily and contagion in a network. To
account for this issue, we may extend our proposed model by modeling an element of the
weight matrix W as a function of some explanatory or dependent variable. In spite of its
increasing importance, there are few empirical models due to methodological and
empirical challenges, such as model identification and Galton’s problem (Naroll 1961).
Second, the model can be extended to construct generalized measures of distance
between individuals by using multiple types of links, such as demographic similarities,
physical proximities or other relational behavior measures. These extensions are
important because they can have an impact on the measurement of individual values or
effects in a network.
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Third, in our dynamic analysis, the elaboration of the error component has not
been considered. For simplification, we assume the independence of error terms.
However, there is a concern that heterogeneity across individuals might induce
heteroskedasticity, such as random effects. In a future study, we can control for the
presence of heterogeneity among individuals.
Real-world-like virtual worlds in online games provide huge and various research
opportunities. People interact with each other as they do in the real world. Ease in
obtaining various behavioral and relational data from the virtual world allows us to model
interdependent behaviors and test various economic and marketing theories. To date,
there has been little research on online gaming in the marketing area. To the best of my
knowledge, this is the first empirical study involving online gaming in the marketing
area. More research using data from the virtual world is needed.
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APPENDIX A
ADJACENCY MATRIX
Let

matrix

be the element

if there is an edge from vertex i to

vertex j and 0 if there is no edge from vertex i to vertex j. Then, the element of
the

of

power of the adjacency matrix counts the number of paths of length k from i to j.

That is,

matrix represents the

-order neighbor matrix.

Let’s take a simple example of adjacency matrix (A) which represents a first-order
contiguity neighbor.

(

And then,

)

(A.1)

with entries

(

where

∑

could be obtained as follows:

)

(A.2)

=

Here square matrix, A2 represents the second-order contiguity neighbor because this
matrix counts the number of paths between two nodes in length two.

contributes

1 if there is a path of length 2 from i to j passing through n.
Mathematical proof of this theorem is given below.
<Proof> Let A be the adjacency matrix,

. The proof is by induction on k. For k = 1,

the result follows from the definition of A, since a path of length 1 is just an edge.
Suppose, for a particular k, that

is the number of paths of length k from i to j.
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There are

paths of length k +1 from i to j in which n is the penultimate vertex.

Our result then follows because ∑
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APPENDIX B
ILLUSTRATION OF SPILLOVER EFFECTS OF SAR MODEL
To provide an illustration of how the SAR model generates the spillover effects, we
compare predictions ̂
variables from

with explanatory variables from

and ̂

with explanatory

. We use the following adjacency matrix W, parameter estimates,

̂ and the explanatory variables matrix X. Row-standardized W matrix is used to

̂

fit the SAR model.
̂

̂

,
(

=

)

X2=

(

)

(

(B.1)
)

Predictions from the model using the explanatory variable
̂

̂

̂

In the predictions of ̂

and ̂

below, we can see that single change for observation i

in the explanatory variable k produces an increase in
has a direct effect on ̂

in

increase in all other ̂

̂

̂

=
(

)

would take the form:

and also in all other

. Changes

and has an indirect or spillover effect that produces an

.

=

(B.2)
(

)
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APPENDIX C
BOUNRDS FOR THE DEPENDENCE PARAMETER
The log-likelihood function of SAR model takes the form in (C.1), where ω is a vector of
eigenvalues of the weight matrix W.
|

|

, and

(C.1)

The Jacobian term is simplified to the following expression, as shown in Ord (1975):
|

|

∑

(C.2)

In the current thesis, we use the symmetric matrix, so that its eigenvalues are all real.
Symmetric matrix Q can be rewritten as following:
(C.3)
where H is a diagonal matrix with elements composed of the inverse of the row sums of
the matrix W.
onsequently, the restriction on the parameter is of the form

, for all i (Ord

1975). The resulting acceptable parameter bound for ρ is
(C.4)
where

and

are the largest and smallest eigenvalues of the spatial weight

matrix W (Anselin and Florax 1994). For row-standardized weights where the row
elements sum to unity, the largest eigenvalue is 1 and
positive values of

to 1. Thus, we got the bounds for

which constrains the
as following:,
(C.5)

For row normalized matrix of W, -1< ρ <1 is a sufficient condition for positive-definite
variance covariance matrices. The eigenvalues of non-symmetric weight matrix can be
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complex. However, this restriction on ρ ensures that
the variance-covariance matrix,

is non-singular and thus
is positive-definite.
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APPENDIX D
CENTRALITY MEASURE
To describe an importance of individual’s location in a network, centrality measure such
as degree, closeness and betweenness has been widely used in sociology. These
measures are typically calculated for each individual. In current study, degree and
betweenness centrality measure is used for the comparison to ours. Degree centrality is
defined by the number of ties between individuals (Freeman 1977, 1979), which could be
expressed as following in (D.1).
∑
where

∑

(D.1)

represents the links from individual i to individual j.

In current study, indegree ∑

should differ from outdegree ∑

because the

relations between actors are asymmetric. Both measures provide us very similar results
in our analysis though.
Betweenness centrality is defined by “how between an individual is to all others in the
network.” (Freeman 1977, 1979). It is based on the assumption that an individual is
central if it lies between others on their geodesic. To have large betweenness centrality,
an individual must be between many other people on their geodesics. Let
number of geodesics linking two people, j and k. For three people, j, k and i,

be the
is the

number of geodesics between j and k and k that contain i. Betweenness centrality is then
summed over all people, which take the form in (D.2):
∑

(D.2)
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APPENDIX E
ESTIMATION SCHEME OF SAR TOBIT MODEL
, where

{

The conditional posterior distribution of n1 censored observation is assumed to follow a
truncated multivariate truncated normal distribution (TMVN),
with mean and variance-covariance
|
|

where

We use the subscripts 1, 2 to denote an
contain

rows and columns, whereas

matrix, and matrices such as
would be of dimension

would
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APPENDIX F
BLOCK LOWER TRIANGULAR MATRIX INVERSE
We will use induction method to solve
Let

. Then,
(

Let

)

.
(

Then, we get

) and
,

(

,
)

(

(

(

,

)

(

.

, and

.

)

.

Since

, because of the second row of

Since

and
and

, and

) and

Because of the first row of

To get

).

,

Therefore, we have
Let

in equation (47).

,

.

, because of the third row of
, we will use the third row of

We will get –

.
and

Let

.

.

and

Therefore, we have

,

.

.

Then,

,

Assume

(

), and

(

.
(

)

).
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We know that

.
(

Using the first row of
second row of

, we can get

,

. Since

. Using the same argument, when

It is easy to find
Since -th row of

)

,

.
is (

for

. Therefore,

.

By mathematical induction, we can say that

(

, because of the

)

, we get

.
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APPENDIX G
EXAMPLE FOR SPILLOVER EFFECTS OF DYNAMIC SAR MODEL
Let’s take a small sample example of n=5 to illustrate how the dynamic SAR model shifts
results of spillover effects from cross-sectional SAR model.
W, Y, and X with subscript t=time are given as follows:

[

]

,

,
[

[

]

Parameters are assumed to be ̂

]
, ̂

For the cross-sectional SAR model at time=1 with DGP,

[

̂

̂
,

]



Impact of i=1,



Rank order of individual’s impact on revenue generation is as follows:
I
D

Rank
Order

1

5

2

4

68

3

3

4

2

5

1

For the dynamic SAR model with DGP,

,

where

[

,

, P is

matrix.

(


]

)

Impact of i=1,

}


Rank order of individual’s impact on revenue generation is as follows:
I
D

Rank
Order

1

5

2

1

3

4

4

2

5

3
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APPENDIX H
TABLES AND FIGURES
Table H1. Summary Statistics of Variables
Variable

Mean

Standard Deviation

Revenue

3.68

0.59

Age

33.65

10.49

Gender

0.76

0.42

ln(House Value)

7.42

0.41

Game Money

0.16

0.30

Experience Score

7196008

8488460

Level of Character

245.27

141.31

Time to Level Up

85.59

127.46

Reputation

97.03

109.71

Number of Guild War

2.75

4.12

Guild Membership

0.73

0.53

Master

0.04

0.16

Number of PK

0.521

5.14

DM rating

54.96

272.04

Number of Wanted

0.14

1.85

Number of Hunting

397.502

6031.09

Number of Construction

0.961

0.498

Game Time

2020.69

476.43

Note: ‘House value’ variable is measured as market value in which the
subject property may transact. And this measure is widely used as a proxy
for income in Korea.
Note: ‘Game Time’ is the minutes that individual gamers play the game
during this month.
Note: ‘Master’ is a dummy variable where it has 1 if users are master.
Note: ‘Guild Membership’ is a continuous variable because gamers can join
multiple guild.
Note: ‘PK’ is a player killing which refers to when one player’s character
kills another player’s character. When PK happens in the public place such
as downtown or square, they will be on the wanted list.
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Table H2. Factor Loadings: Principal Component Analysis
Component1

Component2

Compenent3

Component4

Number of Guild Member

0.920

0.057

-0.004

-0.001

Number of Guild War

0.829

-0.015

0.052

0.004

Guild

0.768

0.147

0.000

0.248

Level of Character

0.127

0.777

0.116

0.025

Experience Score

0.266

0.651

0.191

0.393

Reputation

0.044

0.609

0.486

-0.045

Master

0.012

0.517

-0.043

-0.021

Time to Level Up

-0.052

0.363

-0.107

0.046

Wanted

-0.015

-0.029

0.839

0.065

PK

-0.001

-0.148

0.714

0.165

DM Rating

0.061

0.205

0.631

-0.103

Hunting

0.055

-0.006

0.014

0.877

Construction

0.257

0.542

0.135

0.592

Note: Each factor is standardized.
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Table H3. Tests for Dependence
Test

Test Statistics

Moran's I Z

2.012 (0.000)

LM (lag)

18.753 (0.000)

LM (error)

12.772 (0.000)

Robust LM (lag)

11.348 (0.000)

Robust LM (error)

5.358 (0.021)

Note:

where I is the estimated Moran’s I statistics, E(I)

and SD(I) is the mean and standard deviation of I respectively, given the null
of no dependence in error terms. The null hypothesis is rejected if the
estimated Z is larger than 1.64.
Note: The LM-tests asymptotically follow a
value of 6.635 at the 1% significance level.
Note: p-values are reported in parenthesis.

distribution, with a critical
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Table H4. Summary Table of Model Fitting

Variable

Network

Segmentation

SAR Interaction

Intercept

2.496***

1.951***

0.608***

Rho ( )

0.322***

0.368***

Age (X1)

-0.002

-0.002

Gender (X2)

0.046

0.042

ln(House Value) (X3)

0.236

***

0.237***

Game Money (X4)

0.780***

0.768***

Factor1 (X5)

0.152***

0.153***

Factor2 (X6)

0.120***

0.119***

Factor3 (X7)

0.035***

0.036***

Factor4 (X8)

0.053**

0.052**

AIC Calibration

1114.262

8132.342

8090.469

AIC Holdout

1198.924

8622.954

8222.438

MAD Calibration

0.536

0.314

0.295

MAD Holdout

0.544

0.309

0.291

Note: *** = p<0.01, ** = p<0.05, * = p<0.10
Note: Interpretation of each factor
Factor1: Social Status
Factor2: Guild Activity
Factor3: Action on other people
Factor4: Action on virtual world
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Table H5. Parameter estimates of OLS
Variable

Parameter Estimates

Intercept

-0.486***

Network

0.151***

Segmentation

0.500***

Note: *** = p<0.01, ** = p<0.05, * = p<0.10
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Table H6. Pearson Correlation between Revenue and Forecast
Revenue

R2

SAR Interaction Model

0.61

0.37

Segmentation Model

0.55

0.30

Network Model

0.27

0.07

Degree

0.20

0.04

Betweenness

0.18

0.03
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Table H7. Spearman Correlation between Revenue and Forecast
Revenue
SAR Interaction Model

0.63

Segmentation Model

0.56

Network Model

0.29

Degree

0.26

Betweenness

0.22
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Table H8. Summary Measure of Direct, Indirect and Total Effects
Variable

Direct

Indirect

Total

Age (X1)

- 0.002

-0.002

-0.003

Gender (X2)

0.045

0.045

0.090

ln(House Value) (X3)

0.263

0.239

0.502

Game Money (X5)

0.770

0.742

1.513

Factor1 (X6)

0.152

0.146

0. 299

Factor2 (X7)

0.122

0.117

0.240

Factor3 (X8)

0.036

0.034

0.070

Factor4 (X9)

0.052

0.050

0.102

Note: Total/Direct = 1.9611
Since
{
} {
}
=
, β is cancelled out. So ratio of ‘Average Total
Impact’ and ‘Average Direct Impact’ should be same across variables.
Note: ρ=0 implies ratio=1 which means network has no indirect impact.
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Table H9. Summary Table of Distribution of Individual Level Impacts
Min

Mean

Max

S.D.

Direct Impact

1.000

1.003

1.005

0.002

Total Impact

1.601

1.894

2.319

0.125

Indirect Impact

0.601

0.892

1.315

0.124
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Table H10. Parameter Estimates of OLS
DV

Direct Impact

Indirect Impact

Variable

Parameter Estimates Parameter Estimates

Intercept

1.000***

0.021***

Age (X1)

-0.005

0.021

Gender (X2)

1.383

1.042

ln (House Value) (X3) 0.175

-1.356***

Game Money (X5)

-0.150

-0.086

Factor1 (X6)

0.133

0.205

Factor2 (X7)

-1.343

6.229***

Factor3 (X8)

-0.069

0.029*

Factor4 (X9)

0.160

-0.750***

Adjusted R2

0.406

0.551

Note: *** = p<0.01, ** = p<0.05, * = p<0.10
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Table H11. Summary Statistics
Mean for Group1

Mean for Group2

House Value

7.363

7.458

Factor1

-0.272

0.159

Factor2

-0.725

0.424
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Table H12. Parameter Estimates
Total Revenue

Game Time

Item Purchase

Variable

Original
Model

Endogeneity
Corrected

Original
Model

Endogeneity
Corrected

Original
Model

Endogeneity
Corrected

Intercept

1.365***

1.409***

0.038

0.054

0.068

0.084

Rho ( )

0.357***

0.349***

0.283***

0.286***

0.419***

0.412***

Age

-0.001

-0.001

-0.004

-0.004

-0.001

-0.001

Gender

0.018

0.021

0.365***

0.365***

0.201**

0.202**

Home Value

0.297***

0.291***

0.076

0.075

0.251***

0.250***

Virtual Money

0.760***

0.747***

0.781***

0.786***

0.466***

0.458***

Guild Activity

0.105***

0.111***

0.111***

0.118***

0.051**

0.058**

Action on People

0.053***

0.054***

0.092*

0.094***

0.007

0.005

***

***

0.146

**

0.155

***

0.197

***

0.197***

Social Status

0.068

0.062

Action on World

0.013*

0.015*

0.004

0.000

0.010

0.014

AIC

8258.563

8317.217

12588.853

12589.24

15034.209

15032.562

# Note: *** = p<0.01, ** = p<0.05, * = p<0.10
# Note: Observation is stacked from April through August, and we use the same formula to get the factor
score in monthly basis
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Table H13. Spearman’s Rank Order Correlation between each model
Total Revenues

Item Purchase

Total Revenues

1.000

Item Purchase

0.848

1.000

Game Time

0.757

0.890

Game Time

1.000
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Table H14. Correlation between Total Revenue, Game Time and Item Purchase
Total Revenue

Game Time Payment

Total Revenue

1

Game Time Payment

0.182

1

Item Purchase

0.486

0.125

Item Purchase

1
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Table H15. Parameter Estimates of the Spatio-temporal Model (DV: Total Revenues)
Variable

Spatial

Spatial + Spatio-temporal

Spatial + Temporal

All Effects

Intercept

1.365***

1.290***

0.095

0.091***

0.273**

0.308**

0.135***

0.254**

Inertia ( )
0.357**

0.219**

Spatio-temporal Lag
Age

-0.001

0.187**
-0.001

-0.002

-0.065**
-0.005

Gender

0.018

0.022

0.010

0.019

Spatial Lag ( )

***

0.243

0.253*

0.072

0.068

ln (Home Value)

0.297

Virtual Money

0.760***

0.748***

Guild Activity

0.105

***

***

Action on People

0.053***

Social Status

0.068***
*

0.293

***

*

0.062

0.065***

0.053***

0.030*

0.030*

0.069***

0.021

0.019

0.025

0.025

0.095

Action on World

0.013

AIC

8258.563

6617.269

4066.794

4059.518

Log-likelihood

-4119.283

-3297.635

-2023.304

-2018.759

Note: *** = p<0.01, ** = p<0.05, * = p<0.10

0.014

*

***
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Table H16. Mean Absolute Deviations (MAD)
MAD
Dynamic Model

1.518

Static Model

4.041
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Figure H3. Scree Plot of Eigenvalues
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Figure H4. 3D Map of Social Influence

Figure 5. Gini Curve of Static Model
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Figure H5. Gini Curve of Static Model
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Figure H13. Gini Curve: Dynamic vs. Static Model
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