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Although it seems intuitive for firms to leverage social connections and interactions to influence consumers’ goal attainment
and spending, the authors present a caveat of such strategies. Using two large-scale data sets with more than 5 million
people-day observations from online gaming markets, Studies 1 and 2 show consistently nonlinear effects. Although some
social connectionsand interactionsboost goal attainment andspending (positive linear term), after a certainpoint toomanyof
them have a diminished marginal effect (negative squared term). The results are robust to a wide array of modeling
techniquesaddressingself-selection, unobserved individual heterogeneity, andendogeneity. In addition, novicescanbenefit
more from greater social connections and interactions, yet also suffer more from the diminishing effects. Regarding the
underlyingmechanism, the follow-upexperimentStudy3shows that consistentwith the informationprocessing theory, some
social connections and interactions can provide information support for goal attainment, but too many of them can introduce
an information overload problem and, thus, hamper goal attainment intention. Together, these findings refute a simple, linear
view of the effects of social connections and interactions and provide pivotal theoretical and practical implications.
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“Human existence is social through and through.”

—Dy (1994, p. 3)

People often form social connections and interact with
others (Cacioppo and Patrick 2008; Reisberg et al. 2002).
Through social connections and interactions, people gain

access to resources such as information and advice that can
help them attain goals (Burt 1992). Tapping into this idea,
many firms set up brand community pages on Facebook so
that their fans may connect and interact with each other.
SparkPeople, an online health service, allows its members to
add fitness buddies, emphasizing that “the more you surround
yourself with people who support your goals, the greater your
chance of success will be” (Mueller 2009).

However, is there a caveat in leveraging social connections
and interactions to influence consumers’ goal attainment and
spending? Studies in other consumer contexts seem to suggest
that this is the case. For instance, by surveying users of a social
networking site (SNS), Maier et al. (2015) highlight a “dark
side” of social connections: having too many friends on a SNS
may lead to a negative information overloading problem. In a
shopping environment,Argo,Dahl, andManchanda (2005)find
that even when not interacting, the mere presence of too many
other shoppers can lead to negative effects on consumer emotions
and brand preference.

To answer this question and to quantify the effects of social
connections and interactions, we analyzed objective behavioral
data sets from two online gamingmarkets involving 11,720 and
817,546 people, respectively, in a panel of more than 5 million
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people-day observations (in Studies 1 and 2). The results show
that social connections and interactions positively influence
consumer goals and spending. However, their positive effects
diminish after a certain point in a salient, nonlinear pattern. That
is, some social connections and interactions are beneficial, but
the marginal benefits are reduced when they become too
numerous. In addition,we identify substantial heterogeneitywith
individual experience. Novices are more subject to the effects of
social connections and interactions, yet such effects also diminish
more severely for unseasoned people. To explore the underlying
mechanism, our follow-up experiment (Study 3) reveals that,
consistent with the information processing theory, some social
connections and interactions can provide information support for
goal attainment, but toomany of them can introduce information
overload and, thus, hamper goal attainment intention.

Our research offers several contributions. Theoretically, to
the extent of our knowledge, this study is among the first to
reveal a nonlinear effect of social connections and interactions
on consumers’ goal attainment and spending, thus refuting a
simple, linear effect. This curvilinear effect is crucial, because it
might change our views in theorizing more nuanced, in-depth
effects of social connections and interactions (vis-à-vis most
previous studies, which have assumed a linear, positive effect).
Specifically, social connections and interactions can not only be
advantageous but also engender overloading concerns that
should be forewarned. Indeed, Grant and Schwartz (2011)
explicitly call for research on the nonlinear nature of factors that
are generally perceived to be good (e.g., strengths, virtues, and
positive experiences), as well as “their mediating mechanisms
and boundary conditions” (p. 70). They remark, “Despite the
intuitive familiarity of the inverted U, psychologists have failed
to appreciate fully its prevalence and importance” (p. 62).
Furthermore, they caution that “when researchers fail to dis-
cover nonmonotonic relationships, the methodological artifact
of range restrictionmay be the culprit” (p. 71). Our findings also
contribute by identifying the boundary condition of experience
level in the nonlinear effects of social interactions. People with
less experience benefit more from social connections and
interactions but also suffer more from diminishing returns from
these connections and interactions. Thus, we directly respond to
the call of Grant and Schwartz (2011) to not only uncover
nonlinear patterns but also identify the mediating mechanisms
and boundary conditions.

Managerially, thefindingsmay help shape practices on how
managers should exploit social connections and interactions to
increase consumers’ goal attainment and spending. Given that
goal attainment is challenging, it is common for people to quit
their goals halfway through despite their good intentions
(Capizzi and Ferguson 2005; Koo and Fishbach 2012).1 Social
connections and interactions may help in this regard, and it
seems a missed opportunity if managers do not leverage them.
Yet managers need to understand that their utility could also
diminish because of the information overload problem. This
insight is important because managers should be aware of any
repercussions from over-exploiting social connections. They

may prevent the information overload problem by incorporat-
ing monitoring mechanisms to prevent excessive information.
Furthermore, they should take a differential strategy toward
experienced and novice users; the latter can benefit more from
greater social connections and interactions yet suffer more from
the diminishing effects than the former.

Conceptual Background
and Hypotheses

Social connections and social interactions are interrelated. As
Karlan (2007, p. 53) notes, social connections are “the links
and commonalities that bind a group of people together and
determine their social interactions.”Thus, on the one hand, social
connections are precursors of social interactions; even when
people are not interacting, the presence of a social connection
provides the confidence that one can interact with the people
with whom (s)he is connected (e.g., friends added in Facebook
or WhatsApp). On the other hand, the occurrences of social
interactions between two people can be considered activations of
their social connections. For conceptual definitions, empirical
measures, and implications of key constructs, see Table 1.

Prior research has investigated the roles of social con-
nections and social interactions in various human cognitions
and behaviors. In the social psychology and economics liter-
ature, research has investigated the effects of social connections
and interactions on people’s happiness (Bartolini, Bilancini, and
Pugno 2013), health and well-being (Jetten et al. 2014), group
contributions (Falk, Fischbacher, and Gächter 2013), micro-
finance default (Feigenberg, Field, and Pande 2013), and
investment response to social programs (Macours and Vakis
2014). The focus has been on the positive effects of social
connections and interactions, with the general assumption that
they afford the exchange and sharing of resources and support
that can promote a psychological state or behavior. For instance,
social connections are assumed to provide information and
support that can lead to people’s welfare (Bartolini, Bilancini,
and Pugno 2013), and social interactions are deemed to enhance
information flows about a program and increase people’s
support of the program (Macours and Vakis 2014).

Research in consumer/marketing literature has focused
on how social connections and interactions can be exploited
to promote consumers’ attitude and emotion (Argo, Dahl, and
Manchanda 2005; Ranaweera and Jayawardhena 2014),
spending (Kurt, Inman, and Argo 2011; Manchanda, Packard,
and Pattabhiramaiah 2015), and product adoption (Aral and
Walker 2011). For instance, online social connections can
promote adoption of the product (Aral and Walker 2011), and
social interactions can stimulate spending (Manchanda, Packard,
and Pattabhiramaiah et al. 2015) and attitude change (Ranaweera
and Jayawardhena 2014). Similarly, these studies have focused
on uncovering the positive implications of social connec-
tions and interactions. There is one exception by Argo, Dahl,
and Manchanda (2005). Their study reveals that, even without
interactions, the presence of other shoppers in a retail envi-
ronment can promote one’s positive emotions but only up to a
point, after which the effect diminishes and has a negative
impact on consumer emotions and brand preference.

1Nearly half of participants drop out of weight-loss programs
(Matthews 2012). In the online learning context, the dropout rate
may be over 90% (Yang et al. 2013).
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Research in other literature streams has likewise focused on
different outcomes, such as intention to shop online (Lee et al.
2011) and technology adoption and use (e.g., Maier et al. 2015;
Onnela and Reed-Tsochas 2010; Sykes, Venkatesh, andGosain
2009) in the information systems literature, employees’ percep-
tions and attitudes toward organization (e.g., Ho and Levesque
2005) and work performance (e.g., Chan, Li, and Pierce 2014) in
the organization literature, and voter preference change (Baker,
Ames, and Renno 2006) and turnout (Bond et al. 2012) in the
political science literature (for a review, see Table A1 in theWeb
Appendix). Again, the objective of these studies has been to
unravel the positive effects of social connections and interactions.
Theonly exception is the studybyMaier et al. (2015),whichfinds
that having too many social connections in a SNS may lead to a
negative overload feeling, which in turn lowers people’s sat-
isfaction with and intention to use the SNS.

In summary, extant studies have highlighted the pervasive
roles of social connections and social interactions in a variety of
human cognitions and behaviors. The majority of them have
assumed the positive effects of social connections and inter-
actions on the outcomes of interest, with the general belief that
they act as themeans throughwhich various types of information
are disseminated (e.g., product information, word of mouth,
emotional and behavioral cues, knowledge). Only very few
exceptions have noted the potentially negative sides of social
connections and interactions (i.e., Argo, Dahl, and Manchanda
2005; Maier et al. 2015). However, it remains unclear whether
social connections and interactions have a nonlinear effect on
consumers’ goal attainment and spending behaviors—and, if so,
what the mechanisms involved are.

Hypotheses on Social Connections/Interactions
and Goal Attainment

We hypothesize that some social connections/interactions are
functional in providinguseful informationor tips that can facilitate
goal attainment.However, beyond a certain point, the information
overload problem arises; the cost of processing information
becomes salient and diminishes the utility of the information for
goal attainment. Our thesis is grounded in the information pro-
cessing perspective (Bettman 1979). This perspective is a general
theory of human cognition, which views people as information
processors who process information to solve problems and make
decisions (Lord and Putrevu 1993; Miller, Galanter, and Pribram
1960). Information is viewed as providing the utility for problem
solving; thus, people are motivated to seek and process infor-
mation in their goal attainment, which typically entails a series of
problems to solve. However, information processing is not cost
free; processing information requires cognitive efforts and
resources on the part of the human information processors.
Because humans are limited information processors (Newell and
Simon 1972), too much information, despite its utility, is likely to
introduce an information overload problem (Eppler and Mengis
2004). Thus, while some information is useful for problem
solving, too much information could introduce information
overload. This echoes Grant and Schwartz’s (2011, p. 62) con-
tention that “all positive traits, states, and experiences have costs
that at high levels may begin to outweigh their benefits, creating
the nonmonotonicity of an inverted U.”

We expect similar logic to explain why social connections
and interactions are likely to demonstrate a nonlinear effect on
consumers’ goal attainment and spending. By forming social
connections with others, people obtain access to useful infor-
mation that may be helpful in their goal attainment. Such
information can take the forms of tips and experiences that
social others have acquired and accumulated during their goal-
attainment process, which can be shared to the focal individuals
through social interactions. This information may help people
understand the complexity of the problem and make better
moves to accomplish their goal (Kelman 2006; Lord, Lee, and
Choong 2001). Even without interactions, the mere presence of
others may also influence people (Argo, Dahl, and Manchanda
2005; Luo 2005). The presence of social connections may
provide psychological comfort through the notion thatwhenever
one encounters a problem during the goal-attainment process,
information needed for solving the problem is readily accessible.
Thus, social connections and interactions should promote goal
attainment.

However, too much information could introduce overload
problems because of the increasing cost of processing the
information, which diminishes its utility (Eppler and Mengis
2004; Miller, Galanter, and Pribram 1960; Newell and Simon
1972). In other words, too many social connections and inter-
actions may give rise to too much information for a person to
process, thus discounting the positive effect of these connec-
tions and interactions. Specifically, having too many social con-
nections and interactions with others means that a person is likely
to be exposed to and overloaded with a variety of information
(Banduhira and Locke 2003; Freeman, Romney, and Freeman
1987). Such diverse information may include the right and
wrong behaviors for goal attainment, which can be impediments
when there are toomany. In linewith the findings ofArgo,Dahl,
and Manchanda (2005) and Maier et al. (2015), we expect that
the positive effect of social connections/interactions on goal
attainmentmay diminish after reaching a pointwhen information
overloading becomes salient.

H1: There is a nonlinear relationship between social connections/
interactions and consumer goal attainment, such that (a) some
social connections/interactions can facilitate goal attainment
(i.e., positive linear term), but (b) too many of them have
a reduced marginal effect on goal attainment (i.e., negative
squared term).

Hypotheses on Social Connections/Interactions
and Spending

We expect a similar nonlinear relationship between social
connections/interactions and consumer spending. Previous re-
search has noted that a primary reason social others may pro-
mote one’s spending is that they serve as sources of useful
product information (Urbany, Dickson, and Wilkie 1989).
Consumers may process this information to decide which
product to buy (Bettman 1979). Thus, social others (Burnkrant
and Cousineau 1975; Lord, Lee, and Choong 2001) may help a
person to be more informed (i.e., understand a product better)
and gain confidence in spending. Consumers may obtain the
information through interactions with others or by directly
observing social connections in their group. They may follow
the purchases made by their social connections to keep up with
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what others have achieved through the product. For instance,
seeing that many “fitness buddies” successfully lost weight after
using a new health product, a consumer may be stimulated to
buy the product, too. Thus, social connections/interactions should
promote consumer spending.

However, when social connections/interactions become
overwhelming, people’s spending desire could be dampened.
This may again be due to information overload problems
(Bandura and Locke 2003; Eppler and Mengis 2004). Spe-
cifically, when many people provide product information and
opinions, the cost of processing the information increases and
diminishes the utility of the information to aid purchasemaking.
Moreover, the information obtained, either directly through
interactions or indirectly by observing those social connections,
is likely to be diverse and even contradictive when it reaches
a certain level, which may cause confusion regarding what to
buy. Indeed, toomuch information can instigate choice paralysis
(Thompson, Hamilton, and Rust 2005) and lead people to
become less decisive in purchasing. Therefore,

H2: There is a nonlinear relationship between social connections/
interactions and consumer spending, such that (a) some social
connections/interactions can facilitate spending (i.e., positive
linear term), but (b) toomany of them have a reducedmarginal
effect on spending (i.e., negative squared term).

Hypotheses on the Moderating Role of
Individual Experience

We also hypothesize some heterogeneity in the effects, and we
expect individual experience, or the length of time that people
have been engaging in a goal attainment behavior, to moderate
the nonlinear effects in H1 and H2. Because information pro-
cessing is conducted by human beings with past experiences
(Moital 2006), it is important to consider how the nonlinear
effects of social connections/interactions are amplified or atte-
nuated by individual experience.

People’s past experiences constitute an important basis on
which their confidence in goal attainment are formed (Bandura
1988). As people gain experience in the process of attaining a
goal in an environment, they accumulate more information on
how best to solve problems toward attaining their goal. This
shouldmake themmore confident in their ability to attain the goal
(Venkatesh 2000). In this sense, experienced peoplemay rely less
on others for information support (obtained through direct in-
teractions with others or indirect observations of their social
connections) in attaining a goal. This shouldmake them subject to
the influence of social connections/interactions to a lesser extent.

In contrast, novicesmay yearnmore for information support
from social others given their lack of experience (Finkelstein
and Fishbach 2012). The less experience a person has, the more
likely it is that (s)he will depend on social others for information
to support his or her goal attainment. In addition, novices may
be more vulnerable to the information overload problems
caused by having toomany social connections/interactions, thus
impeding their goal attainments. Previous research has sug-
gested that novices process information differently than ex-
perienced people (Alba and Hutchinson 1987). Specifically,
as familiarity with a behavior increases, experienced people
can better decipher the most relevant information central to the

behavior and are better able to derive utility from a larger
amount of information. In contrast, novices aremore susceptible
to information overload that impedes goal attainment because
they are less able to differentiate helpful from unhelpful social
connections and interactions. As such, we test the moderating
role of individual experience as follows:

H3: The nonlinear role of social connections/interactions in H1 and
H2 is moderated by individual experience, such that novices
have both (a) stronger positive effects from some social
connections/interactions and (b) stronger negative marginal
effects from too many social connections/interactions than
experienced people.

To test our hypotheses, we first analyzed two sets of
objective field data from two online game markets that can
detect the nonlinear nature of social connections/interactions
(Studies 1 and 2). We then conducted a scenario-based experi-
ment to replicate the results and uncover the underlying mech-
anisms (Study 3).

Study 1: Field Data
In Study 1,we aimed to comprehensively examine the nonlinear
nature of social connections/interactions for goal attainment and
spending in a context fitting for the purpose—massively
multiplayer online role-playing game (MMORPG) markets.
The three-dimensional simulated goal-based MMORPG mar-
kets can be considered an epitomic socialworld, inwhich people
connect, interact, and engage in goal attainment while making
product purchases (i.e., game items; Chappell et al. 2006; Hsu
and Lu 2007; Yee 2006). Thus, the game environment provides
an ideal setting for gauging the role of social connections and
interactions on goal attainment and spending. Indeed, scholars
have noted that online games such as MMORPGs present an
apt environment to study human behaviors (Bainbridge 2007;
Borbora et al. 2011; Shim et al. 2011). For instance, Shim et al.
(2011, p. 1) argue that online games serve as “unprecedented
tools to theorize and empiricallymodel the social and behavioral
dynamics of individuals.…The opportunity this offers for social
scientists to test their theories empirically is unparalleled.” In
addition, Bainbridge (2007, p. 472) holds that online gaming
“naturally generates a vast trove of diverse but standardized data
about social and economic interactions.”

Furthermore, online games are consonantwith today’s trend
of gamification strategies used by companies to engage con-
sumers (Hofacker et al. 2016). For instance, Treehouse, a virtual
training academy for young professionals, designs its courses in
manageable chunks; as students work through the courses, they
earn badges and points that allow them to track their goal
progress and impress potential employers. Companies have
used Keas, an employee wellness platform, to maintain lower
group health insurance costs by challenging employees with
health tasks and offering awards for goal attainment. Other
companies that employ similar gamification strategies include
Starbucks (Wong 2014) andMcDonald’s (Adamous 2011) (for
other examples of firm-employed gamification strategies, see
Stanley [2014]). Thus, it is apparent that online games have
pervasive applications in the consumer landscape; coupled with
their ability to accurately and progressively track user behaviors,
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they provide an ideal context for studying the nature and effects
of social interactions. The latter is particularly important for
revealing the nonlinear nature of social connections/interactions,
which would be left undetected if alternative approaches with
only a limited range of manipulations were used.

We obtained our objective behavioral data from one of the
world’s largest online games2 outside the United States, whose
name is concealed per our corporate partner’s request. The act of
joining the game is recognized as a consumer’s willingness to
engage in a goal-driven behavior. An overarching goal is pre-
established for the participants (i.e., to accomplish all the game
missions) and divided into smaller tasks (i.e., to advance from
easier to more challenging levels). To begin the game, par-
ticipants select a character from a range of hero classes (e.g.,
warriors, archers) and use their selected avatar to perform
pre-given tasks, such as slaying dragons, destroying objects,
and finding treasures. Apart from the functional tasks, players
may also engage in economic-related behavior—particularly
spending. Although the game is free to play, people can spend
real money on equipment to enhance their game abilities and on
virtual clothing to improve the visual appearance of their avatar.
The confined environment alsomeans that it is less vulnerable to
uncontrollable interferences, thus allowing for the nature of the
effects of social connections/interactions to be better established.

People may add other players as friends in the game. This
enables us to capture social connections, as friends are a com-
mon manifestation of social connections (Kurt, Inman, and
Argo 2011). Consistent with prior literature, we understand
“friends” to be relationships ranging from the stage in which
two people like each other and seek out each other’s company
to the stage of friendly relations (Kurt, Inman, and Argo 2011;
Price and Arnould 1999). Previous research has indicated that
across the range of stages, the behavioral outcomes from the
relationships concerned (e.g., compliance to a request) are
similar (Burger et al. 2001; Dolinski, Nawrat, and Rudak 2001;
Hsu and Lin 2008). In particular, being friends in the game
allows participants to communicate easily, share information
and tips, and complete tasks together (e.g., destroying objects,
finding treasures; note that these constitute only parts of the
requirements for an individual player to advance to the next
level). Friends differ from strangers in that the parties involved
have a history of prior interactions (Funder and Colvin 1988;
Stinson and Ickes 1992). It has been shown that having brief
interactions (e.g., a short conversation) can lead people to treat
each other as if they are friends (Burger et al. 2001; Dolinski,
Nawrat, and Rudak 2001).

Overall, the goal-based virtual game environment enables us
to precisely identify and quantify the extent of a person’s social
connections and interactions and their impacts on goal attainment
(the extent to which players achieve the set goal of the game; i.e.,
completion of all game missions) and spending (how many in-
game items purchased) behaviors. In addition, real-world user
demographics, such as age and race, are less salient in the virtual

environment because users present themselves in the form of an
avatar that shields their age and race. Next, we describe the core
measures employed in this study, followed by data analyses.

Measures

We measured social connections as the number of other
participants a player added to his or her friend list in the game.
When two people in the game agree to be friends, the system
records the time stamp and the identity of each player. We
measured social interactions using interaction occurrences such
as teaming up to accomplish tasks, sending gifts, and chatting
with friends. The game system automatically records these
interactions and computes a score indicating the players’ social
interaction extent (SIE). Because this score measures a dyadic
friendship, we average a player’s social interaction score with
eachof his or her friends. Specifically,when a user forms a team
with his or her friends to accomplish a task or fight enemies, the
players are treated as having interacted, and the computer
program records their interactions. The calculation is dyadic,
meaning that every two friends will be counted as interacted.
For example, if three friends A, B, and C team up, the inter-
action is counted between AB, BC, and AC. The calculation
also considers task difficulty and numbers of enemies defeated
together, with scores ranging between 1 and 30. The higher the
task difficulty and the more enemies defeated, the higher the
interaction score assigned by the computer program. The pro-
gram also calculates the situation in which two friends interact
with each other directly (e.g., one giving a virtual gift to other).
The calculation is also dyadic and considers the value of gift they
exchange as aweight of the social interaction,with scores ranging
between 10 and 200. The interaction computation system is
employed in many social interaction settings to quantify the
extent of interactions among friends in online games.

We measured goal attainment as the game level a participant
managed to attain. In the game in our study, participants try to
accomplish a total of 80 predetermined levels of increasing
difficulty. Each level presents amission consisting of several tasks
that a participant needs to achieve to advance to the next level.
Participants are motivated to accomplish all game levels because
the game’s storyline and tasks are tied to their level. As such, they
are motivated to persist for the storyline tomore fully unfold until
they accomplish the final mission. Finally, we measured con-
sumer spending as the total amount of real money that a player
spent in the game to buy equipment or virtual clothing.

Control Variables

Wealso control for several variables that could affect the results:

• Experience was measured as the number of days that elapsed
since a participant registered in the game.

• Trading amount is the amount of virtual currency (not real
money) participants use to buy and sell secondhand items (e.g.,
game equipment) with other participants and in-game shops.
We separately coded “trading out” as the amount of virtual
currency a participant spent to purchase equipment and
“trading in” as the amount a participant earned from selling.

• Number of deaths is the number of times a game character
dies in a game. Death may motivate participants to challenge
enemies again and thus increase their interest in goal
attainment.Yet deathmay also frustrate participants by signaling
effort futility.

2Online gaming is an important industry. Starting from Zynga’s
Farmville in 2009, which helped online social games become
mainstream, the number of people who play online games through
social networks in the United States alone is projected to reach 97
million people by 2017 (eMarketer 2013).
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• Avatar gender is the gender a player chooses for the role
character. A male player may select a female avatar (but more
than 87% of male avatars are played by males, according to
our corporate partner). After they begin the game, partic-
ipants cannot change their avatar gender. During game play,
participants can see the image of each other’s avatar. The
avatars are designed by the company to be clearly gendered
(0 for male and 1 for female).

Our analyses were conducted at the individual level. The
data set contains 11,720 active avatars who played the game
at least once in our observation period (i.e., from April 8,
2012 through May 15, 2012), providing 348,940 person-day
observations in total. Among them, 5,603 avatars made friends
in the game. They added 12.50 social connections (in-game
friends) on average (SD = 16.84), and their average social
interaction score between friends is 195.20 (SD = 305.48). The
remaining 6,117 avatars made no friends. The average game
level attained by all avatars was 21.67 (SD = 15.81). On
average, participants spent 518.31 RMB in the game.3 They
have a mean experience of playing the game for 41.36 days
(SD = 42.12) at the time of our observation. In Table 2, Panels
A and B, we provide the descriptive statistics and correlations
among the variables. When comparing the difference of all
variables employed in the study between the subgroups of
players with and without friends (see Table 2, Panel A), the
impacts that social connections make on goal attainment and
spending can be clearly observed. Next, we go beyond this
model-free evidence and test the statistical significance of the
nonlinear relationships that we hypothesize.

Two-Phase Panel Tobit II Model for Goal Attainment
and Spending

We first developed a two-phase panel Tobit II model to
analyze a player’s interrelated game behavior decisions: players
decide tomake a friend (or not) and, conditional on the friending
decision in the game, we examine how their goal attainment and
spending are affected by social connections and social inter-
actions. This model accounts for endogeneity that the decisions
of goal attainment and spending are affected by the decision of
making friends in the game. Only when players decide to make
friends would their goal attainment and spending be affected by
social connections and interactions (i.e., no friends would mean
no social connections or interactions). Thus, we have specified a
logit function for the friend-making decision in the first phase
and a separate Tobit function for the goal attainment or spend-
ing amount in the second phase, conditional on the likelihood of
friend making (Bucklin and Sismeiro 2003; Luo, Andrews,
Song, et al. 2014). In this way, we account for sample selection
issues (Heckman 1979) and apply the Mundlak–Chamberlain
approach for panel sample estimation (Chamberlain 1982;
Mundlak 1978).

Specifically, in our panel Tobit II modeling system, let Pit
be a binary variable indicating whether a player i makes friend
on day t. Let P*it be the latent variable related to Pit. Rit indicates
the goal attainment or spending amount conditional on making

friends (i.e., Pit = 1), and R*
it is the latent variable related to Rit.

The system of the equations can be expressed as follows:

Pit =
�
1 if Ppit > 0
0 if otherwise

, and

Rit =
�
R*
it if Pi =1

0 if otherwise
where

Ppit = q1Expit + q2Genderi + eit, and

Rp
it = g1Social Connectionit + g2Social Connection

2
it

+ g3SocialInteractionit + g2Social
2
Interactionit+ g5Expit

+ g6Genderi + g7Tradeinit + g8Tradeoutit + g9Deathit + mit,

where q and g are estimated coefficients of the variables in the
model, and m and e are residuals of the estimation. In the first
phase, important factors that can affect a player’s friend making
include his or her game experience until the end of observation
period (i.e., expit) and avatar gender (i.e., genderi, 0 =male, 1 =
female). Game experience is important because the time players
spend in the game may influence their likelihood to make
friends in the game. Furthermore, avatar gender is important
because it may also influence a player’s friend-making be-
haviors. As Taylor (2003) notes, women play and derive plea-
sure from online games differently from men. In the second
phase, we have social connections made and SIE, and their
squared terms. Because experience and gender also affect users’
goal attainment and spending behaviors, we include them in the
second phase. However, some other covariates may also take
effect. For example, we consider a player’s trading in and trading
out amount in themodel (i.e., tradeinit and tradeoutit) because the
theory of sunk cost implies that players’ previous efforts in the
game may influence their likelihood of staying in the game and
spending. In addition, we include the number of times an avatar
“died” (death amount) in the model (i.e., deathit) because the
controllability of failures is critical to players’ attribution of
subsequent behaviors (Weiner 1995, 2000), and frustration
caused by failures may influence players’ likelihood of goal
attainment and spending.

In Table 3, Panels A and B, we present the results with
stepwise models, with goal attainment and spending as the
dependent variables. More specifically, Model A1 shows the
first-phase probit model result of the Tobit II model. Model A2
(B2) examines the linear and nonlinear relationships between
quantity of social connections (QSC)—that is, number of
friends in the game—and players’ goal attainment (spending).
Model A3 (B3) examines the linear and nonlinear relationships
between SIE and goal attainment (spending). Model A4 (B4)
includes all effects. We mean-centered all continuous variables
to minimize the threat of multicollinearity in equations with
squared terms. We also log-transformed the spending variable.

H1a–b predicted a nonlinear role of social connections and
social interactions in individual goal attainment. As Table 3,
Panel A, shows, the coefficients of QSC (b = .671) and SIE (b =
.012) are positive (p < .01). Furthermore, the coefficients of
QSC2 (b = -.009) and SIE2 (b = -.001) are negative (p < .01).
Thus, H1a–b is supported. We further depict the nonlinear
relationships in Figure A1 in the Web Appendix. The figure

3For data anonymity concerns, the spending was rescaled by a
constant ratio.
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illustrates that social connections and social interactions have
a positive effect on individual goal attainment and spending
(positive linear term), but too many of them have a reduced
marginal effect (negative squared term) on individual goal
attainment and spending.

H2a–b predicted a nonlinear role of social connections and
social interactions in individual spending. As Table 3, Panel B,
shows, the coefficients of QSC (b = .005) and SIE (b = .001) are
positive (p < .01). The coefficient of the SIE2 is negative (b =
-.001, p < .01), but not QSC2 (b = .001, p < .01). This indicates
that as the QSC increases, players’ spending increases as well.
Thus, H2b is supported, but not H2a. Figure A1 in the Web
Appendix also illustrates that SIE has a positive effect on
individual spending (positive linear term), but too much has a
reduced marginal effect (negative squared term).4

Propensity Matching to Account for Self-Selection

To deal with self-selection,we performed amatching technique,
which provides ameans to analyze observational datawith causal
inference (Rosenbaum and Rubin 1983; Rubin and Waterman
2006). As discussed previously, consumers’ heterogeneity in terms
of avatar gender, sunk cost concerns in terms of experience and
trading patterns, and behavioral attribution concerns in terms of
number of deaths in our context may confound the friend-making
behavior during game play, preventing us from making causality
inferences on goal attainment and spending. To mimic some
characteristics of treatment selection, we used the nearest-neighbor
matching technique, which is one type of propensity score–
matching method that selects a set of closest controls for each
treated case one at a time (Ho et al. 2011) to create differently
ranked groups that are as similar to each other as possible. This
allows us to identify the treatment effect (i.e., friend making, in
our case) as if in a randomized experiment (Austin 2011; Stuart
2010). Essentially, propensity score is defined as the latent prob-
ability of receiving the treatment given the covariates (Rosenbaum
and Rubin 1983). We build a matching model by using the pro-
pensity score (Imbens and Lemieux 2008; Joffe and Rosenbaum
1999) with covariates including avatar gender, experience, trading
amount, trading frequency, and number of deaths. In our data, we
have 6,117 observations in the control groups (i.e., players who did
not make any friends) and 5,603 observations in the treatment
groups (i.e., players who made one or more friends).

Results in Table A2 in the Web Appendix show that after
matching, themeans of the two groups’ covariates aremuch closer
to each other. This table also reports the absolute standardized
difference in means (Rosenbaum and Rubin 1983) for each
covariate,which is themost commonly used numericalmeasure of

TABLE 3
Main Results

Model A1
DV 5 Friend
Making (Y/N)

A: DV 5 Goal Attainment B: DV 5 Spending

Variable Model A2 Model A3 Model A4 Model B2 Model B3 Model B4

Gender -.267***
Experience .015***

QSC .697*** .671*** .007*** .005***
QSC2 -.010*** -.009*** .001*** .001***
SIE .014*** .012*** .001*** .001***
SIE2 -.001*** -.001*** -.001*** -.001***
Gender .974*** .737*** 1.006*** -.056*** -.064*** -.056***
Experience -.028*** -.062*** -.032*** -.001 -.001 -.001
Trade-in amount -.001 .001*** -.001 .001** .001** .001**
Trade-out amount .001 .001 .001 .001*** .001*** .001***
Death amount .010*** .015*** .008*** .031*** .032*** .031***

Inv. Mills ratio -12.244*** -17.524*** -11.581*** .155* .063 .143*
Significance .001 .001 .001 .001 .001 .001
c2 139,880.08 93,608.23 42,467.99 3,193.21 2,948.03 3,251.32
R2 .666 .554 .730 .066 .063 .068

*p < .10.
**p < .05.
***p < .01.
Notes:Number of observations = 348,940; censored observations = 189,688. Because the first-part probit model result is consistent across Models

A2/B2 to Models A4/B4, we present it only once as Model A1 here to highlight findings from the second-part model.

4By estimating the inflection points of our main results inModels A4
and B4 in Table 3 with differential calculus method, we find that the
diminishing effects of social connections and interactions on goal
attainment become salient after users made 37 friends or when their
interaction extent score reached 1,943. After the inflection point, a 10%
increase of friend number (interaction extent) leads to .8% (1.0%)
decrease in leveling up in the game. Similarly, the diminishing effect of
social interactions on spending occurs after users’ interaction extent
reaches a score of 2,107. After that point, a 10% increase of interaction
extent led to a 2.7% decrease in players’ spending trend. To calculate
an inflection point in a regression model, we conduct the follow-
ing approximation: given that our model is in a quadratic func-
tion form of yi = ai + bixi + g ix2i + ei, and the estimated outcome
is y

�
= a + bx

�
+ gðx�Þ2, its expectation value can be expressed

as EðyiÞ = EðaiÞ + EðbiÞEðxiÞ + Eðg iÞEðx2i Þ = a + bEðxiÞ + gEðx2i Þ
when EðeiÞ = 0 and Covðxi, eiÞ = 0 (assuming that we have controlled
endogeneity successfully). Following the differential calculus method,
we approximate the inflection point of the function as -b=2g .
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balanceof covariatedistributionbetween twogroups and is defined
as

���Xq;1 - �Xq;0

��=Dq;0, where �Xq;1 and �Xq;0 denote the means of
covariate Xq for the treatment and control groups, respectively.
Dq;0 denotes the standard deviation of Xq for the treatment group.
The absolute standardized difference in means suggest .25 as a
reasonable balance criterion (Stuart 2010). The mean standardized
differences have been markedly reduced and satisfied the balance
requirement after we matched the data. Matching results further
reveal that players with friends obtained a higher goal-attainment
level (coef. = 11.886, SE = .090, z = 131.90, p < .001) and spent
more (coef. = .057, SE = .005, z = 12.50, p < .001).

Then, we reran the two-phase Tobit model on the matched
data set that better controls individual heterogeneity. Results
shown in Table A3 in theWebAppendix are consistent with the
preceding findings. With goal attainment as the dependent
variable, the coefficients of QSC (b = .592) and SIE (b = .011)
are positive (p < .01) while the coefficients of their squared
terms are negative (QSC2: b = -.009, SIE2: b = -.001; p < .01),
indicating a nonlinear role of QSC and SIE in individual goal
attainment. With spending as the dependent variable, the
coefficients ofQSC (b= .06) and SIE (b= .001) are positive (p<
.01), while the coefficient of the SIE2 is negative (b = -.001, p <
.01) but not QSC2 (b = .001, p < .01). This indicates a nonlinear
role of SIE (but not QSC) in individual spending.

Addressing Heterogeneity and Endogeneity

Because latent individual-specific differences (e.g., level of
interest, people’s personal values) may not be apparent in the
data, unobserved heterogeneity in the effects is a concern that
may affect the estimation outcome.5A strength of our panel data
is that we can account for unobserved heterogeneity with
individual-specific model parameters. Thus, to account for
unobserved heterogeneity to the full extent and to avoid
incorrect inferences, we first develop a hierarchical Bayesian
model that can allow for individual-specific heterogeneity of the
parameters (Kim and Kumar 2017; Kumar et al. 2011; Sun,
Dong, and McIntyre 2017). At the top level, we model the
drivers of each user’s goal attainment and spending amount,
after accounting for individual-specific parameters:

Goal_Attainmentit = a0it + a1iSocial_Connectionit

+ a2iSocial_Connection
2
it

+ a3iSocial_Interactionit

+ a4iSocial_Interaction
2
it

+ a5iGenderi + a6iTradeinit
+ a7iTradeoutit + a8iDeathit + eit,

Spendingit = b0it + b1iSocial_Connectionit
+ b2iSocial_Connection

2
it

+ b3iSocial_Interactionit
+ b4iSocial_Interaction

2
it

+ b5iGendert + b6iTradeinit
+ b7iTradeoutit + b8iDeathit + eit,

(5)

where the Bayesian model includes the base-level parameters
(a0it, b0it), which capture all other user-day-specific factors.

Because a0it and b0it may exhaust the degree of freedom and
cannot be identified, we decompose them as follows:

a0it = a0i + a0t, and
b0it = b0i + b0t,

(6)

where a0i and b0i measure the baseline purchase rate of user i,
and a0t and b0t capture the baseline day effect. At the lower
level, we model the individual-specific effects of social con-
nections and interactions and their square terms (a1i, a2i, a3i,
a4i, b1i, b2i, b3i, and b4i) with two parameters, the grand mean
effect and error term, as shown in the following equation:

a0i

a1i

a2i
a3i

a4i

=

2
66664

ˆ01

ˆ02

ˆ03

ˆ04

ˆ05

3
77775 +

2
66664

x0i
x1i
x2i
x3i
x4i

3
77775 and

2
6664

b0i
b1i
b2i
b3i
b4i

3
7775 =

2
66664

d01
d02
d03
d04
d05

3
77775+

2
6664

z0i
z1i
z2i
z3i
z4i

3
7775.

3
77775

2
66664

(7)

Furthermore, to address possible endogeneity of social con-
nections and interactions,we use the number of “circle” friends, or
the number of friends’ friends, as the instrument variable (Sun,
Dong, and McIntyre 2017) in the following models:

Social_Connectionit = q10 + q11Circleit + q12Genderi

+ q13Expit + h1it, and

Social_Interactionit = q20 + q21Circleit + q22Gendert

+ q23Expt + h2it.

(8)

The Bayesian estimation results appear in Table 4. As
Table 4, Panel A, shows for goal attainment, the posterior mean
coefficients of QSC (a1i = 2.181) and SIE (a3i = .169) are
significantly positive, and their squared terms are negative
(QSC2:a2i = -.012, SIE2:a4i = -.001). Thus, H1 is supported
regarding the nonlinear role of social connections and inter-
actions for players’ goal attainment. As Table 4, Panel B, shows
for spending, the posterior mean coefficients of QSC (b1i =
.016) and SIE (b3i = .001) are positive, and their squared terms
are negative (QSC2: b2i = -.001, SIE2: b4i = -.001). These
findings support the nonlinear role of social connections and
interactions for players’ goal spending. Thus, H2 is also sup-
ported by Bayesian estimation with individual-specific hetero-
geneity in the parameters. As we expected, the players’ friends’
circle variable has a significant coefficient of .031 and .396 as an
instrument variable for social connections and interactions,
respectively (see Table 4, Panels C and D). Figure 1 presents
histograms of posterior means of social connections and
interactions on goal attainment and spending. Because the mass
of the posterior mean distributions for the linear terms of social
connections and interactions is indeed positive (right of zero),
while that of the squared terms is negative (left of zero), these
Bayesian estimates of individual-specific parameters provide
strong support for H1 and H2.

Furthermore, we applied amixed-effect hierarchical modeling
approach consisting of both fixed effects and random
coefficients effects (Raudenbush and Bryk 2002; Verbeke
andMolenberghs 2000). Through the mixed-effect modeling
(Luo 2007), the estimation allows for the possibility that
people could have different goal attainment and spending
because of latent individual-specific heterogeneity in both the5Weacknowledge the editor, areaeditor, andone reviewer for this insight.

Social Connections and Interactions on Goal Attainment and Spending / 141



constants (i.e., random intercepts m0i and p0i) and the slopes
for the effects of social connection and interaction (i.e., m1i
and p1i).

ð9Þ Goal_Attainmentit = m0i + m1iSocial_Connectionit

+ m2iSocial_Connection
2
it

+ m3iSocial_Interactionit

+ m4iSocial_Interaction
2
it

+ m5iGendert + m6iTradeinit
+ m7iTradeoutit + m8iDeathit+ e9it,

m0i = a0 + a0i,

m1i = a1+ a1i,

m2i = a2 + a2i,

m3i = a3+ a3i,

m4i = a4 + a4i,

Spendingit= p0i + p1iSocial_Connectionit
+ p2iSocial_Connection2it
+ p3iSocial_Interactionit
+ p4iSocial_Interaction2it
+ p5iGender + p6iTradeinit
+ p7iTradeoutit + p8iDeathit+ e10it,

p0i = b0 + b0i,
p1i = b1 + b1i,
p2i = b2 + b2i,
p3i = b3 + b3i,
p4i = b4 + b4i.

We also considered the temporal effects with the lagged goal
attainment and spending, as well as the instrument variable of
friend circle, as we did in the hierarchical Bayesian estimation.

TABLE 4
Results of Bayesian Estimation Accounting for Individual-Level Unobservable Heterogeneity

A: DV 5 Goal Attainment

Variable Posterior Mean Coefficient SD 95% Credible Interval

Constant 16.700 1.331 [14.238, 19.007]
Gender -2.000 .114 [-2.226, -1.773]
Experience .042 .002 [.038, .047]
Trade-in amount .001 .001 [-.001, .001]
Trade-out amount -.001 .001 [-.001, .001]
Death amount .019 .009 [.002, .036]
QSC 2.181 .283 [1.624, 2.722]
QSC2 -.012 .003 [-.016, -.006]
SIE .169 .004 [.009, .0250]
SIE2 -.001 .001 [-.001, -.001]

B: DV 5 Spending

Posterior Mean Coefficient SD 95% Credible Interval

Constant -.323 .197 [-.742, -.045]
Gender .023 .021 [-.018, .065]
Experience -.001 .001 [-.002, -.001]
Trade-in amount .017 .002 [.013, .020]
Trade-out amount .001 .001 [.001, .001]
Death amount .001 .001 [-.001, .001]
QSC .016 .007 [.002, .029]
QSC2 -.001 .001 [-.002, -.001]
SIE .001 .001 [.001, .003]
SIE2 -.001 .001 [-.001, .001]

C: QSC with IV

Variable Posterior Mean Coefficient SD 95% Credible Interval

Constant .159 .017 [.126, .192]
Friend’s circle (IV) .031 .001 [.031, .031]
Gender -1.140 .019 [-1.178, -1.102]
Experience .054 .001 [.054, .055]

D: SIE with IV

Posterior Mean Coefficient SD 95% Credible Interval

Constant 8.207 .600 [7.032, 9.382]
Friend’s circle (IV) .396 .001 [.394, 398]
Gender -6.549 .688 [-7.898, -5.200]
Experience 1.016 .009 [.999, 1.033]

Note: IV = instrument variable; coefficients are significant if zero is not included in the 95% credible interval of the hierarchical Bayesian estimates.
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FIGURE 1
Histogram of Posterior Mean for the Effects of QSC and SIE on Goal Attainment and Spending

A: Goal Attainment

Panel B: Spending
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The results are robust and consistent with previous findings.
As Table 5 shows, the mean coefficients of QSC (a1i = .237)
and SIE (a3i = .002) on goal attainment are positive, and
their squared terms are negative (QSC2: a2i = -.004, SIE2:
a4i = -.001). Themean coefficients of QSC (b1i = .003) and SIE
(b3i = .002) are positive, and their squared terms are negative
(QSC2: b2i = -.001, SIE2: b4i = -.001). Again, these results
provide strong and robust evidence for both H1 and H2 with
individual-specific heterogeneity in the parameters. Figure 2
illustrates four players’ individual-specific heterogeneity in the
effects of social connections and interactions on goal attainment
and spending. It shows the robustness of our main results even
after accounting for individual-level unobserved heterogeneity.

Testing the Moderating Effect of
Individual Experience

H3 predicts that the nonlinear roles of social connections and
social interactions in individual goal attainment and spending
are moderated by experience, such that novices will experi-
ence stronger positive effects from some social connections/
interactions but also stronger negative marginal effects from
too many social connections/interactions. Table 6 shows
the moderating effect for individual goal attainment and
spending, following stepwise analysis logic. As Models
A2–A4 show, there is a negative interaction impact between
experience and social connections/interactions, and the
interaction between experience and the squared term of
social connections/interactions are positive (both ps < .01).
The results suggest that as experience increases, the positive
linear effect decreases, but the negative nonlinear effect also
decreases. Thus, the nonlinear role of social connections and
social interactions in goal attainment is amplified for novices.
AsModels B2–B4 show, there is a negative interaction between
experience and social connections/interactions, and the co-
efficients of experience · squared term interactions are positive

(bothps< .01). These results support H3a–b. Thus, we identify
individual experience level as a boundary condition of the
nonlinear effects of social connections and social interactions.

Figure A2 in the Web Appendix depicts the nonlinear
relationships between social interactions and spending for more
(vs. less) experienced players. As the figure shows, social inter-
actions have a more positive effect on individual spending for
novices (i.e., the low-experience line is initially above the high-
experience line, confirming that some social interactions are more
influential for novices).However, toomany social interactions also
havegreater diminished effect for novices (i.e., after approximately
350 social interactions, the low-experience line is below the high-
experience line, confirming that novices are more vulnerable to
the dysfunctional side of too many social interactions). Although
the total effects do not become negative within our data range, the
trend of the lines may suggest that an extremely large number of
social interactions could eventually produce a negative total effect.
Nevertheless, the patterns support the nonlinear effects of social
interactions: some social interactions are beneficial, but their
marginal benefits are reduced at too high a level.6

TABLE 5
Results of Mixed-Effect Hierarchical Model for Individual-Level Unobservable Heterogeneity

A: DV 5 Goal Attainment B: DV 5 Spending

Variable Coefficient (SE) z P > |z|
95% Conf.
Interval Coefficient (SE) z P > |z|

95% Conf.
Interval

Constant 9.539 (.108) 87.74 .001 [9.326, 9.752] .055 (.008) 7.01 .001 [.040, .070]
Gender .495 (.129) 3.84 .001 [.242, .748] .022 (.006) 4.01 .001 [.011, .033]
Experience .006 (.001) 6.49 .001 [.004, .007] -.004 (.001) -18.58 .001 [-.004, -.003]
Trade-in amount .001 (.001) 1.38 .169 [-.001, .001] .001 (.001) 27.49 .001 [.001, .001]
Trade-out amount .001 (.001) 1.35 .177 [-.001, .001] .001 (.001) 3.24 .001 [.001, .001]
Death amount .003 (.001) 15.69 .001 [.002, .004] .009 (.001) 27.23 .001 [.008, .009]
Lagged (t - 1) .459 (.001) 459.00 .001 [.457, .461] .123 (.002) 73.80 .001 [.120, .126]
QSC .237 (.011) 19.83 .001 [.214, .261] .003 (.003) 1.15 .251 [-.002, .008]
QSC2 -.004 (.001) -18.71 .001 [-.005, -.004] -.001 (.001) -2.51 .012 [-.001, -.001]
SIE .002 (.001) 2.16 .031 [.001, .004] .002 (.001) 9.73 .001 [.002, .003]
SIE2 -.001 (.001) -7.50 .001 [-.001, -.001] -.001 (.001) -7.18 .001 [-.001, -.001]
Experience · QSC -.004 (.001) -12.87 .001 [-.003, -.005] -.001 (.001) -3.24 .001 [-.001, -.001]
Experience · QSC2 .001 (.001) 2.11 .035 [.001, .001] -.001 (.001) -0.51 .603 [-.001, .001]
Experience · SIE -.001 (.001) -3.56 .001 [-.001, -.001] -.001 (.001) 4.46 .001 [.001, .001]
Experience · SIE2 .001 (.001) 6.70 .001 [.001, .001] .001 (.001) .18 .860 [-.001, .001]
Wald c2 216,700.76 7,806.14
Significance .001 .001

Notes: Number of observations = 337,220.

6Furthermore, we conducted a marginal analysis of experience’s
interaction effect (Lin, Lucas, and Shmueli 2013). Results show
that a one-day increase in more experienced users’ duration in the
game is associated with a .05% decrease in leveling up (i.e., -.0142)
and a .18% decrease in spending (i.e., -.0013) per day. The amount
is small for each player every day but can accumulate to a large
number that should not be neglected over time: it translates to
approximately $460 (-.0013 · 11,720 users · 30 days) per month
based on our sample subset. The impact scale extends easily as the
user population increases. However, take Supercell, a leading game
developer, as an example. It had 100 million daily active players in
early 2016 (Galang 2016). We approximate the impact to the
company to be $3.9 million (-.0013 · 100 million users · 30 days)
per month. Overall, these estimations highlight the economic
importance of customizing the social connections and interactions
for novices and experienced users, respectively.

144 / Journal of Marketing, November 2017



FIGURE 2
Examples of Individual Heterogeneity of QSC and SIE on Goal Attainment and Spending

A: Individual Heterogenous Impact of Social Connection and Interaction on 
Goal Attainment and Spending 

B: Individual Heterogenous Impact of Squared Social Connection and Interaction on 
Goal Attainment and Spending 
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Additional Checks of Endogeneity, Dynamic
Effects, Ceiling Effects, and Friendship Patterns

An additional endogeneity concern could arise between
experience, goal attainment, and spending (i.e., users with more
experience may attain higher goal attainment or vice versa). We
performed analyses on the basis of experience residual. The
results in Table A4 in the Web Appendix show consistent
nonlinear relationships between social connections/interactions
and goal attainment and spending, thusminimizing this concern.
More specifically, with goal attainment as the dependent var-
iable, the coefficients of QSC (b = .811) and SIE (b = .014) are
positive (p < .01), while the coefficients of their squared terms
are negative (QSC2: b = -.011, SIE2: b = -.001; p < .01),
indicating their nonlinear role in individual goal attainment.
With spending as the dependent variable, the coefficients of
QSC (b = .02, p < .05) and SIE (b = .001, p < .01) are positive,
while the coefficient of the SIE2 is negative (b = -.001, p < .05)
but not QSC2 (b = .001, p < .01). This indicates a nonlinear role
of SIE but not QSC in individual spending.

We performed panel analysis with different time lags (time
lags = 1, 2, and 3 days) to account for potential temporal effects.
As shown in Table A5 in the Web Appendix, with goal
attainment as the dependent variable, the coefficients of QSC
and SIE are positive, whereas the coefficients of their squared
terms are negative in various time lag settings, indicating a
nonlinear role of social interactions in individual goal attain-
ment. With spending as the dependent variable, the coefficients
ofQSCandSIE are positive, but only the coefficients of SIE2 are
negative in various time lag settings, indicating a nonlinear role
of SIE (but not QSC) in individual spending. The results are
consistent with the preceding findings across various time lags.

To further verify the dynamic effects of social connections
and social interactions on goal attainment and spending, we
consider a weekly-level two-phase panel Tobit II model and
a cross-sectional-level (no dynamic results) Tobit II model to
compare the daily-level analysis. The analysis helps determine
whether the dynamic process of friendmaking (i.e., when a user
makes friend in some days but does not do so in other days)
affects thefinding. As shown in TableA6 in theWebAppendix,
with goal attainment as the dependent variable, the coefficients
of QSC and SIE are positive, while the coefficients of their
squared terms are negative at both the weekly and cross-
sectional levels of analysis. This indicates a consistent non-
linear role of QSC and SIE in individual goal attainment. With
spending as the dependent variable, the coefficients of QSC and
SIE are positive, while only the coefficient of SIE2 is negative,
indicating a nonlinear role of SIE (but not QSC) in individual
spending. The results are largely in line with the main analyses
and show a clear consistent pattern under various dynamic
conditions.

Another perspective to consider the dynamic effects is to
test the models with cumulative social connections and inter-
actions. Unlike noncumulative daily social connections and
interactions in the current models, the cumulativemeasures take
into account users’ social connections and interactions before
a particular point in time. As shown in Table A7 in the Web
Appendix, with goal attainment as the dependent variable, the
coefficients of QSC (b = .001) and SIE (b = .001) are positive

(p < .01) while the coefficients of their squared terms are
negative (QSC2: b = -.001, SIE2: b = -.001; p < .01). This
indicates nonlinear roles of cumulative QSC and SIE in indi-
vidual goal attainment. With spending as the dependent vari-
able, the coefficients of QSC (b = .053, n.s.) and SIE (b = .012,
p < .01) are positive, while the coefficient of SIE2 is negative
(b = -.001, p < .10) but not QSC2 (b = .001, n.s.). This
indicates a nonlinear role of cumulative SIE (but not QSC) in
individual spending. The results are again largely consistent
with the main analysis findings.

Because being friends in the game allows users to com-
municate, share information, and complete tasks together, there
could be a confounding factor of group goal on individual goal
attainment. While individual users are rewarded separately for
their own performance for leveling up, their friends also pursue
their own goals in addition to helping their in-game friends
when they play together. In this way, friends’ performance
might affect a focal user’s goal attainment. For example, when a
user repeatedly sees many of his or her friends achieving their
goals in terms of avatar level, (s)he might be encouraged or
demotivated in his or her own goal attainment. Thus, we further
consider the group goal effect by adding friends’ levels as a
control variable. As shown in Table A8 in the Web Appendix,
with goal attainment as the dependent variable, the coefficients
of QSC (b= .539) and SIE (b= .011) are positive (p < .01) while
the coefficients of their squared terms are negative (QSC2: b =
-.007, SIE2: b = -.001; p < .01). This indicates nonlinear roles
of QSC and SIE in individual goal attainment.With spending as
the dependent variable, the coefficients of QSC (b = .05) and
SIE (b = .001) are positive (p < .01) while the coefficient of SIE2
is negative (b = -.001, p < .01) but that of QSC2 is not (b = .001,
p < .01). This indicates a nonlinear role of SIE (but not QSC)
in individual spending. The results are also consistent with
the main analyses, thus minimizing the concerns regarding
group goal influence.

We conducted two additional analyses. First, rather than a
nonlinear effect, a potential ceiling effect may exist. If the
ceiling effect exists, we should observe a constant pattern across
different users (i.e., the same ceiling due to the same social
connections and interactions). However, the results in Table 3
indicate that the negative squared terms of social connections/
interactions for goal attainment and spending are larger for less
experienced users thanmore experienced users. This means that
the effects of social connections/interactions on goal attainment
drop more heavily for the less experienced group than for the
more experienced group as social connections/interactions
increase. In addition, Figure A2 in the Web Appendix clearly
supports the notion of different nonlinear effects across less
versus more experienced users. The less experienced users still
experience a nonlinear pattern of the relationships but do not
seem to be subject to any “ceiling” effect within our data range.
Thus, these findings alleviate the concern of a ceiling effect and
support the nonlinear effects of social connections and social
interactions.

In addition, users with close friends (deep relationships
with a fewmost important friends)may have different behaviors
from those with wider circle of friends with whom they rarely
interact. These various types of users may be affected by so-
cial connections/interactions differently and warrant special
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attention. In our context, friendship patterns may affect users’
goal attainment differently. To address this possibility, we
conducted a subsample test to investigate the impact of
friendship patterns on users’ goal attainment. In line with users’
QSCand SIE,we classified users into four groups along the two
aspects by theirmean values: 2 (QSC: userswithmore vs. fewer
friends) · 2 (SIE: users withmore vs. fewer social interactions).
For example, the user group with fewer friends but more
interactions is more likely to receive stronger social interactions
from fewer friends than the other three groups. The user group
with more friends but fewer interactions with each friend is
more likely to receive weaker social interactions from more
friends than the other three groups.As shown in Table A9 in the
Web Appendix, the user group with fewer friends and more
interactions is affected by social connections/interactions in a
nonlinear way, in support of the notion that close friends
influence users’ goal attainment. The positive effect also
diminishes after reaching a certain level. This nonlinear influ-
ence is consistent with the main findings based on the overall
samples. In the user group with more friends and more social
interactions, users are similarly affected by social connections/
interactions in a nonlinear way as with the group with few
friends but many interactions. Compared with the latter group,
however, the influence from QSC is weaker given the lower
coefficient (b = .378, while the coefficient in the more friends/
more interactions group is b = .995). Combining the obser-
vations from the two groups, it is plausible to argue that for users
with fewer close friends, each friend’s impact becomes stronger.
However, it is also notable that in the more friends/more
interactions group, after reaching a certain level, the positive
effect diminishes less than that in the few friends/more inter-
actions group (b = -.003 vs. b = -.068, respectively). In the user
group with few friends and few interactions, we observe a
similar nonlinear influence from social connections/interactions.
Because users in this group have few friends and interactions,
increases in social connections/interactions influence users’ goal
attainment significantly, though there is still a negative marginal
effect after reaching a certain level. In the user group with more
friends but few interactions, we observe the similar nonlinear
influence from QSC. Overall, the findings support the notion
that close friends matter, implying different social interaction
patterns between “first-tier” and “second-tier” friend circles.
Still, the nonlinear effects appear to be quite robust across the
different friendship patterns.

Study 2: Second Field Data Set to
Test the Generalizability of Findings
To examine the generalizability of our findings, we replicate the
analysis using a new data set from another online game market.
The game setting is similar to the previous game in terms of goal
attainment and spending but differs in the storyline context,
social interactionmechanism design, and data scale. The second
game is designed in a moreWestern fairytale style, whereas the
first game’s storyline and background are more oriented to
Asian cultures. Tasks and items in the game are therefore
different. In addition, the second game’s social interaction
mechanism design is simpler than that in the first game.

Although users can also make friends in the game, the system
does not calculate friends’ interactions. In addition, the second
game data set provides a longer observation period and larger
data set for investigation than the first game. Specifically, the
data set contains the information of 817,546 newly registered
users in a three-month period between January 1, 2011 and
March 30, 2011. Altogether, the data set provides 5,067,960
person-day observations. Among them, 94,821 users made an
average of 7.1 friends in the game,whereas the rest did notmake
friends during the observation period.

This game does not record friends’ interactions, so we
calculate the team connections among friends as a proxy of their
SIE, which is also used as part of the formula for calculating the
SIE in the first game. Because users with or without in-game
friends can form a team to play and achieve goals together in the
game, we identify and capture SIE using actual instances of
these teaming-up occurrences. For example, if a user teamed up
three timeswith a friend on a day, we count the SIE between the
two users as three on that day.

As we show in Table 7, with goal attainment as the
dependent variable, the coefficients of QSC (b = .025) and SIE
(b = .104) are positive (p < .01). Furthermore, the coefficients of
the QSC2 (b = -.001) and SIE2 (b = -.012) are negative (p <
.01). Thus, again, H1a–b is supported. With spending as the
dependent variable, the coefficients of QSC (b = .003) and SIE
(b = .017) are positive (p < .01). The coefficients of QSC2 and
SIE2 are negative (b = -.001/-.010, p < .01). Thus, H2a–b is
supported.

Table 7 also depicts the moderating effect of experience for
individual goal attainment and spending. Specifically, with goal
attainment as the dependent variable, there is a negative
interaction between experience and QSC (b = -.001, p < .01)
and experience and SIE (b= -.003, p < .01), and the coefficients
of experience interacted with the squared terms are positive
(experience · QSC2: b = .001, experience · SIE2: b = .01; p <
.01). Thus, the nonlinear role of social connections/interactions
in goal attainment is moderated by individual experience. With
spending as the dependent variable, there is also a negative
interaction between experience and QSC (b = -.001, p < .01)
and experience and SIE (b= -.001, p < .01), and the coefficients
of experience interacted with the squared terms are positive
(experience ·QSC2: b = .001, experience · SIE2: b = .001; p <
.01). These results suggest that the nonlinear role of social
connections/interactions in individual spending is mod-
erated by experience. Thus, we also find support for H3a–b in
this data set.

Finally, we also checked for possible ceiling effect and
whether our results are robust across different friendship pat-
terns (varied by QSC and SIE). The results are reported in the
“Additional Checks of Ceiling Effects and Friendship Patterns”
section in the Web Appendix.

Study 3: Scenario-Based Experiment
for the Underlying Mechanisms

Study 3 involves a scenario-based experiment to achieve two
objectives: (1) to replicate the main results of our objective data
analysis and (2) to uncover the mechanisms underlying why
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social connections and interactions demonstrate a nonlinear
effect. We engaged a professional market research company to
conduct the scenario-based experiment. The experiment com-
prised six scenarios designed to capture different extents of
social connections and interactions: low (5), moderate (10), and
too much (30) friend presence (corresponding to number of
social connections), and low (5), moderate (10), and too many
(30) informational tips provided (as a proxy of SIE).7

We employed a computer game called “Contraption
Maker”8 as the context of the experiment because the game
appeals to general audiences of all ages and can be learned
within a short time. It is also sufficiently cognitively challenging
(i.e., it requires cognitive thinking, not just speed of response or
motor skill), making support from social others (problem-
solving information and tips) relevant. The market research
company publicized the experiment on its website to its panel
members, with a brief explanation that the experiment was to
obtain their frank perceptions about a game (to avoid possible
guessing of the research objective). We offered an incentive of
10 RMB (approximately $1.50 USD) in the form of a mobile
reward card tomotivate participation.When participants clicked
“enter” to take the survey, they were shown a demo video
(approximately 30 seconds) that introduced the game and

explained how a simple task was solved to give them an idea of
how to play the game (see Figure A3 in the Web Appendix).

The participants were then told that other players would
be added to the game as “in-game friends” to help them push
through the challenges. This was followed by randomly
showing one of the video versions (approximately 30 seconds)
designed to correspond to the six social connections and
interactions conditions. For instance, in the mere-presence-
of-friends conditions, participants would see the process of
solving a task in the presence of either 5, 10, or 30 friends (all
else being equal) in their friend list shown in the bottom-right
panel of the game interface (see Figure A4 in the Web
Appendix). In the friends-providing-information conditions, the
video would show that friends were providing information
(game tips) during the process (5, 10, or 30 tips provided in a
chat window at equal intervals during the video, all else being
equal) (see Figure A4 in the Web Appendix). Participants were
told to imagine that the scenario was real (i.e., they are to play
the game in the presence of in-game friends/with information
tips received from in-game friends) and to watch the video
carefully. We took great care to ensure that the participants
watched the video by incorporating a timer that prevented them
from proceeding to the next page before finishing the video.
After watching the video, the participants were directed to
provide their responses to the items designed to capture the focal
constructs.

We obtained 768 complete responses from all six groups
(each group had a similar sample size). In addition, we also
included a control group inwhich only a basic videowithout the
presence of friends or their provision of information supportwas

TABLE 7
Use of Another Field Data Set to Test Generalizability

Variable

Model A1
DV 5 Friend
Making (Y/N)

Model A2
DV 5 Goal
Attainment

Model A3
DV 5 Goal
Attainment

Model B1
DV 5 Friend
Making (Y/N)

Model B2
DV 5 Spending

Model B3
DV 5 Spending

Gender 2.232*** 2.232***
Experience .011*** .011***
Gender -.763*** -.265*** -.001 .017
Experience .012*** .017*** -.001*** -.001
Trade-in amount .001 .001* .001*** .001***
Trade-out amount -.001 -.001 .001*** .001***
Death amount .018*** .017*** .007*** .007***
QSC .011*** .025*** .002*** .003***
QSC2 -.001*** -.001*** -.001*** -.001***
SIE .080*** .104*** .016*** .017***
SIE2 -.008*** -.012*** -.001*** -.001***
Experience · QSC -.001*** -.001***
Experience · QSC2 .001*** .001***
Experience · SIE -.003*** -.001**
Experience · SIE2 .001*** .001***
Inv. Mills ratio -.502*** -.134*** -.006*** .007***
Significance .001 .001 .001 .001
c2 61,397.8 68,455.92 45,648.49 45,686.92
R2 .041 .042 .027 .027

*p < .10.
**p < .05.
***p < .01.
Notes: Number of observations = 5,067,960; censored observations = 1,167,420. Because the first-part probit model result is consistent across

Models A2/B2 to Model A4/B4, we present it only once as Model A1 here to highlight findings from the second-part model.

7We conducted a series of small-scale pretests to identify the
approximate point at which too many social connections and
interactions are likely to become salient in our context.

8Contraption Maker (http://contraptionmaker.com/) is a puzzle-
solving game in which players build machines with a set of given
objects to solve predetermined problems.
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shown (105 complete responses). This resulted in 873 total
responses from the follow-up study.

We measured the following key constructs in the survey:
goal attainment intention, perceived information support, per-
ceived information overload, and perceived goal impediment.
Our hypotheses argue that some social connections/interactions
are favorable because of the information support (actual or
perceived) they provide for goal attainment, but too many of
them can be detrimental because they introduce an information
overload problem. We also examined the following control
variables to take in account their potential influences: game self-
efficacy, because individual confidence in game playing is
likely to affect players’ game goal attainment intention; social
dependency, because individual dependency on social others
for help may affect how social connections/interactions matter
to players; personal intolerance toward interference, because
people low in such tolerance may more easily feel impeded in
their goal attainment when experiencing interference from
others; and experience, because whether players had experience
playing the game may influence their intention toward goal
attainment. The measurements of the constructs are shown in
Table A10 in the Web Appendix.

Results from the survey experiment largely replicated those of
the objective data analyses. Compared with the control group (no
social interactions), the mean goal attainment intention (i.e.,
intention toward attaining the overall game goal) of the groups
with social connections/interactions are significantly higher, with
respect to both the information provision (Mno social interactions =
3.89,Mfriends providing information= 4.69; F(1, 433)= 15.45,p< .001)
and the mere presence (Mno social interactions = 3.89,
Mfriends’ presence = 4.65; F(1, 433) = 16.17, p < .001)
conditions. The difference remains significant when comparing
the respective groups with the lowest mean goal attainment
intention in each of the two conditions (information provision
andmere presence; see Figure 3). Figure 3 shows that among the

groups under both the friends-information-provision and mere-
presence conditions, there is a significant rise of mean goal
attainment intention from the low to the moderate conditions.
However, this intention drops when moving from the
moderate to the “too much” (friends’ providing 30 pieces of
information tips/presence of 30 friends) conditions, although
the decreases are not significant. This again indicates the
diminishing effects of social connections and interactions on
goal attainment, thus replicating our objective data analyses.

Furthermore, in our hypotheses we posit that some social
connections/interactions can provide information support
(actual or perceived) that promotes goal attainment, but too
many can introduce information overload and impede goal
attainment. Figure 3 shows that, for both the information
provision and mere presence conditions, people perceived
greater information support (or possibility to obtain greater
information support) when ten friends were providing infor-
mation tips (or when ten friends were present) compared with
when five friends were providing information tips (or when
five friends were present) (M5 friends providing information = 4.24,
M10 friends providing information = 4.85; F(1, 218) = 6.36, p < .05;
M5 friends’ presence = 4.75, M10 friends’ presence = 5.28; F(1, 218) =
5.42, p < .05). Again, there is a drop of perceived information
support when the number reached 30, although the differences
were not significant.

In addition, Figure 4 shows that people perceived similar
levels of information overload in the low and moderate levels
of both the information provision and mere presence condi-
tions. However, they perceived significantly higher information
overloadwhen the number reached 30 (e.g., taking themoderate
condition as a baseline: M10 friends providing information = 3.25,
M30 friends providing information = 3.70; F(1, 218) = 3.92, p < .05;
M10 friends’ presence = 3.05, M30 friends’ presence = 3.53; F(1, 218) =
5.60, p < .05). This indicates that participants indeed felt
overloaded when presented with informational tips from 30
friends or felt a psychological burdenwhen seeing that 30 friends
were present who might interact with them during game play.

The observations in this study provide indications of the
nonlinear effects of social connections and interactions as well
as the possible mediating effects of perceived information
support and information overload. To more formally test the
mediating mechanisms, we conducted bootstrap mediation
and a Sobel test using SmartPLS. To capture the effects of the
three social connections and interactions conditions (low,
moderate, and toomuch), we created two dummies (IP1 and IP2
for friends’ information provision andMP1 andMP2 for friends’
presence): IP1/MP1 compares the moderate social interactions/
connections with the low social interactions/connections con-
ditions (0 = moderate level, 1 = low level): IP2/MP2 compares
the moderate social interactions/connections with the “too
much” social interactions/connections conditions (0 = moderate
level, 1 = “too much” level).

Our analyses show that the positive effect of social
connections/interactions may indeed result from perceived
information support. That is, in the friends-providing-information
conditions, IP1 has a negative and significant effect on perceived
information support (-.11, p < .05). This suggests that compared
with the base of moderate social interactions, low social inter-
actions would decrease perceive information support, as we

FIGURE 3
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expected. In addition, perceived information support positively
affects goal attainment intention (.22, p < .001). A Sobel test
indicates that the mediation effect of information support
between IP1 and goal attainment is significant at p < .05. In
the friends’-mere-presence conditions, MP1 similarly has a
negative and significant effect on perceived information
support (-.11, p < .05), which then positively affects goal
attainment intention (.30, p < .001). A Sobel test indicates that
the mediation effect of information support betweenMP1 and
goal attainment is weakly significant at p < .10.

Our analyses also support that the negative side of social
connections/interactions works through information overload

and then goal impediment. That is, in the friends-providing-
information conditions, IP2 has a positive and significant effect
on perceived information overload (.14, p < .05). This suggests
that compared with the base of moderate social interactions, too
many social interactions would increase perceive information
overload, as we expected. In addition, perceived information
overload increased goal impediment (.57, p< .001).ASobel test
indicates that the mediation effect of information overload
between IP2 and goal impediment is significant at p < .05.
Furthermore, goal impediment has a negative and significant
effect on goal attainment intention (-.17, p < .01). In the
friends’-mere-presence conditions,MP2 similarly has a positive
and significant effect on perceived information overload (.13,
p < .05), which then increased perceived goal impediment (.42,
p < .001). A Sobel test indicates that the mediation effect of
information overload between MP2 and goal impediment is
significant at p < .05. In turn, perceived goal impediment
negatively affects goal attainment intention (-.15, p < .01).

Together, these findings suggest the following chained path
relationships: (1) social connections/interactions conditions →
information support→ goal attainment,whichmay explain their
positive effects (when social connections/interactions are at a
moderate vs. a low level); (2) social connections/interactions
conditions → information overload → goal attainment, which
may explain their negative side (when social connections/
interactions are beyond amoderate level).9 Overall, the follow-
up experiment largely replicates our objective data analysis
findings and provides further insights into their underlying
mechanisms.

Discussion
The profusion of social connections and interactions provides
invaluable resources that can be leveraged to influence con-
sumer behaviors. The conventional wisdom is that because
social connections and interactions have positive implications
on consumer behaviors, firms should leverage them. Our study
shows that when people are subject to a greater number social
connections and interactions, they are indeed more likely to
persist in goal attainment and spend more money. However,
these positive effects diminish after a certain level, thus dem-
onstrating a nonlinear role of social connections and interactions.
Our follow-up experiment reveals that social connections and
interactions may create positive effects through the provision
of information support; yet, when there are too many social
connections/interactions, information overload kicks in and
diminishes their positive effects. Overall, the results from
both objective longitudinal data and survey data enhance our
understanding of the roles and limits of social connections
and interactions, which have broad research and practical
implications.

FIGURE 4
Perceived Information Support and Information
Overload Across the Social Connections and

Interactions Conditions
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9In the analyses, we also controlled for alternative explanations
related to game self-efficacy, social dependency, personal intoler-
ance toward interference, and experience (i.e., whether one had
played the game before). In the friends-providing-information
conditions, none of these explanations were significant except
game self-efficacy (.39, p < .001). In the friends’-mere-presence
conditions, only game self-efficacy (.29, p < .001) and personal
intolerance toward interference (.15, p < .01) were significant.
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Implications for Research

This study offers several implications for further research. First,
our findings highlight a view of diminishing marginal utility
of social connections and interactions. Thus, further research
investigating social connections/interactions may note their
limits and consider their nonlinear nature in hypothesis de-
velopment and data analyses. Most prior studies have focused
on the positive linear effects of social connections/interactions
(e.g., Bartolini, Bilancini, and Pugno 2013; Jetten et al. 2014;
Kurt, Inman, and Argo 2011; Ranaweera and Jayawardhena
2014), so an extension of our research may provide a more
balanced theoretical view of such pervasive resources in con-
sumers’ everyday life (Ratner 2013). This responds toGrant and
Schwartz’s (2011) to uncover more evidence of the nonlinear
nature of things that are generally perceived to be good.

Second, our study contributes to the literature by demon-
strating the roles and limits of social connections and inter-
actions in promoting two key behavioral outcomes ofmarketers’
interest: individual goal attainment and spending. In addition,
our follow-up experiment reveals the theoretical mechanisms of
their nonlinear effects. Specifically, we show that some social
interactions can provide information support that enhances goal
attainment, but toomany of them heighten information overload
and impede goal attainment. Thus, we broaden the under-
standing of the nature of social connections and interactions on
the two focal outcomes and their underlying mechanisms.

Third, our findings contribute by identifying the boundary
condition of experience level in the nonlinear effects of social
connections and interactions. People with less experience are
subject to their greater positive impacts, yet the impacts also
diminishmore acutely for these individuals. This contribution also
responds to Grant and Schwartz’s (2011) call to not only uncover
nonlinear patterns but also identify their boundary conditions.

Managerial Implications

A recent phenomenon of “social media fatigue” is that users
withdraw from social media because toomuch time and effort are
consumed on friending and social interactions (Bright, Kleiser,
and Grau 2015). This may suggest that users begin feeling
overwhelmed by their growing social networks and yearn for
somethingmoremanageable. Indeed, aCNN article has noted that
“in an age when people are encouraged to collect hundreds of
Facebook ‘friends’ and thousands of Twitter followers, some
social media users, particularly young ones, are going smaller”
(Gross 2014). Consistent with these observations, our results
suggest that while managers may still increase their users’
exposure to social connections and interactions, caution needs to
be taken because too many of them have a negative marginal
effect on consumers’ goal attainment and spending. In addition,
managers maywant to take notice of the salient heterogeneity
of the nonlinear effects across more versus less experienced
people. Novices benefit more from social connections and

interactions but, paradoxically, suffer more from the dimin-
ishing returns.

Moreover, as our follow-up experiment indicates, the
positive effects of social connections and interactions on goal
attainment may result from their provision of information sup-
port. Thus, managers should consider how they can facilitate
social others to provide information in support of a person’s goal
attainment. For instance, tools and features that can help the
instant communication of information among a social group can
be designed such that people can readily access the information
whenever needed. Interfaces that clearly show the presence of
friends may give users the confidence of information support
availability. However, managers need to be careful of informa-
tion overload, as this is a culprit that diminishes the positive effect
of social connections and interactions. Thus, they should design
features that aid in organizing information to minimize the
information overload or incorporatemonitoringmechanisms that
prevent the excessive information problem.

Limitations and Future Research Directions

There are several limitations that suggest opportunities for
further research. First, most participants in our research (the
online game environment) originate from one culture. Previous
research on national culture has shown that people in different
cultures tend to differ in their receptiveness to social others (Hall
1976), which implies that people could perceive and be affected
by social connections/interactions differently. Further research
might extendour study to other cultural contexts to assesswhether
cultural factors play a role (Hofacker et al. 2016). Another
limitation is related to the follow-up experiment study. Although
it provides additional insights into what may account for the
positive and negative sides of social connections/interactions, it
mainly serves a supplementary role andmay not be exhaustive. In
addition, it focuses on one dependent variable (i.e., goal attain-
ment intention). Further research could explore other perceptions
about social connections and interactions and investigate other
behavioral outcomes in digital marketing with online gaming
(Hofacker et al. 2016) andmobile targeting (Andrews et al. 2016;
Li et al. 2017; Luo, Andrews, Fang, et al. 2014).

In conclusion, our study underscores the roles and limits of
social connections and interactions for individual goal attainment
and spending. In a series of studies, we illustrate that that social
connections and interactions can have a nonlinear effect. In line
with the information processing theory, social connections and
interactions can have a positive impact, but toomuch information
can “overload” the individual, thus hampering goal attainment.
In addition, the nonlinear effect has substantial heterogeneity
across less versus more experienced people. We hope the
findings from this study can inspire further research to obtain a
more holistic understanding of the effects of social connections
and interactions, thus allowing these pervasive resources to be
better leveraged for greater business and customer value.
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