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Advances in information and mobile technologies enable digital service firms 

to connect their services to social media. Users of the services are able to interact 

with one another using social features (e.g., sending messages, inviting friends, 

etc.). In addition, the firms now provide certain types of rewards per each social 

interaction (e.g., discounts, bonus points, coupons, etc.) to promote communication 

among users. Under such conditions, the effect of users’ social interaction behavior 

on service usage has not been studied. We examine the effect of users’ social 

interaction activity on users’ app usage frequency and profitability. This paper 

focuses on social interaction behaviors in a mobile service where users can earn in-

app reward per their interaction. Using control function approach on a large dataset 

of 390,009 users, we find that the marginal effect of the increase by one percent in 

sending social messages on app usage frequency to be 8% and on purchase 

amounts to be 19%. In addition, we find that a unit increase in the intensity of 

sending social messages positively effects only when the intensity is less than 40 
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and 50 in each model. Under the topic of social network, and interactions in it, our 

findings can help decision makers to set proper encouragement to promote 

interactions which is very effective to increase more revenue. 

 

Keywords : social interaction, social game, app usage frequency, app profitability, 

control function approach 
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1. Introduction 

As Information technology develops, digital networks have become 

ubiquitous. Such changes, or trends, make online social networks greater than ever 

before. Therefore, researchers have focused on the massive online social network 

itself and its interactions, magnitudes and influences (Sundararajan et al. 2013). 

More specifically, it has become usual for many online and mobile 

services to be connected to social media. Under the term ‘Social computing’, there 

have been numerous services which are combined with social media such as 

Facebook, Linkedin, Google, etc (Parameswaran and Whinston 2007). The 

combination of the services with social media makes users able to interact with 

others using viral features. Viral features may enable communication, generate 

automated notifications of users’ activities, facilitate personalized invitations, or 

enable hypertext embedding of the product on publicly available websites and 

weblogs (Aral and Walker 2011). It is widely believed that, without any benefits 

given to social interactions among users, social interaction behaviors are positively 

related to product or service adoption or users’ retention (Rishika et al. 2013; Baek 

2005; Chang et al. 2008; Hsu and Lu 2004; Park et al. 2008). 

Prior research on social networks have focused on the significance of peer 

influence effects among interactions (Aral and Walker 2011; Oestreicher-Singer 

and Zalmanson 2013; Muchnik et al. 2013; Bapna and Umyarov 2015; Ma et al. 

2014) and the comparison of different types of influences (Aral and Walker 2011; 

Dewan et al. 2017). However, to our knowledge, we have found that two following 

perspectives are not studied in the prior studies. 1) Prior studies focus on social 

network environments where users do not gain any rewards for their social 
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interaction activity. 2) Using experimental approaches, prior studies mainly 

measure average effects of social interactions, not on the dynamic or non-linear 

effects. 

Our study, therefore, raises a research question as follow: How is the effect of 

users’ social interaction activity on their app usage and purchase behaviors? To 

address this question, this paper examines the relationships between users’ social 

interaction behaviors and their app usage frequency and profitability. On the one 

side, firms can expect better retention and profit by enabling users to interact with 

each other (Rishika et al. 2013; Baek 2005; Chang et al. 2008; Hsu and Lu 2004; 

Park et al. 2008; Oestreicher-Singer and Zalmanson 2013). On the other side, if 

users can earn and cumulate incentives, or in-app rewards, by interacting with 

others, such users may use a service less frequently or purchase less. In this study, 

analyzing a novel dataset of one of the biggest and successful Korean mobile game 

service, we answer to the question solving endogeneity issue. We argue that this 

study has two contributions: 1) this study is the first one considering social 

interaction behaviors when users can earn a certain form of rewards per each social 

interaction. Under the emerging topic of social design, our results can help 

practitioners who wonder users’ behavior in service with social design (Bapna and 

Umyarov 2015). And 2) we measure not only moderating effects but also non-

linear effects of users’ social interaction activity, helping managerial decision 

makers to target different segments in their planning. 

2. Literature Review 

 The focus of this paper is on examining the effect of users’ participation in 

social interaction activity on the app usage and purchase behaviors. Accordingly, 
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our work is related to literature discuss the economic value of social design, the 

diverse effect of social interactions in users’ networks, and the social games, or 

virtual worlds. 

 First, researchers have studied the value of social design, the design 

combining a service with social features that enable users to interact with others 

(Bapna and Umyarov 2015). Such service with social design connects to users’ 

account on SNS (social networking services) such as Facebook, Twitter, Kakaotalk, 

etc. and enables users to chat and to send or receive messages with friends in their 

SNS accounts (Parameswaran and Whinston 2007). Many researchers have 

investigated on the economic value of social media. A group of literature focuses 

on communications between a firm and users. Rishika et al. (2013) argues that a 

firm which communicates with customers via firm-hosted website can increase the 

intensity of customer-firm relationship and customer profitability. Their result shed 

light on the need for managers to actively engage in transactional relationships to 

better serve customers and create greater value. Another stream of research about 

User-Generated or Marketer-Generated Contents (UGC and MGC respectively) 

discusses on the economic value of each content. Literally, UGC and MGC are 

contents of online communications created by users or marketers. Goh et al. (2013) 

uncover different roles played by UGC and MGC, finding that UGC has a stronger 

impact on consumer purchase behavior. Although prior studies give clue that it is 

beneficial for firms to interact with customers through firm-hosted social media (i.e. 

Facebook webpage etc.), the question of whether promoting social interactions 

between users is beneficial to firms remains unanswered. 

Second, our paper links to the literature of social networks and the diverse 

effects within them. Aral et al. (2013) summarize prior studies about social media 
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and introduce numerous interesting questions which are proper for following IS 

researchers to conduct research. They mention that the questions of what type of 

communication provokes what type of response need to be answered. Many 

researchers focus on the effects from communications on peers. Under the topic of 

peer influence or social media participation, recent studies discuss the efficacy of 

social features in the social networks which means that users can be influenced by 

their friends with whom they interact (Aral 2011; Aral and Walker 2011; Bapna and 

Umyarov 2015; Hildebrand et al. 2013; Dou et al. 2013; Dewan et al. 2017; Aral 

and Walker 2014; Rishika et al. 2013). We find that most studies mentioned above 

mainly argue that there is significant and positive peer effect among users who use 

social features. About the negative aspect of social features, to our knowledge, only 

Hildebrand et al. (2013) reveals that the usage of social features such as receiving 

feedback from friends on initial self-designs results less unique final self-designs, 

lower satisfaction with self-designed products, lower product usage frequency, and 

lower monetary product valuations. Aral and Walker (2014) examine the 

moderating effect of tie strength and structural embeddedness on the strength of 

peer influence. They use social and structural moderators to identify positive 

moderating impacts while the amount of physical interaction with friends has no 

impact. Prior studies consistently conclude that their results could be helpful for 

firms to build an effective marketing strategy. Firms, therefore, now promote social 

interactions among users by giving a certain type of rewards to them. The research 

context of prior studies, however, assumes that there were no incentives given to 

users who interact with their friends. Under the different condition where users can 

earn additional rewards per their interactions with others, the effect of using social 

features on app usage behaviors still remains questionable. 
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 Third, our paper is related to literature that discuss about virtual worlds. 

There is limited recent research on online/mobile game (Hinz et al. 2015; Liu et al. 

2013; Agarwal and Karahanna 2000; Finneran and Zhang 2005; Guo and Poole 

2009; Trevino and Webster 1992; Webster and Martocchio 1993). However, more 

researchers are intrigued by social games because detailed user behavioral data can 

be collected by recent advances in Information technology (Lazer et al. 2009). 

Such advantage of offering rich data in virtual worlds have great potential for 

research in social, behavioral, and economic sciences (Bainbridge 2007). Hinz et al. 

(2015) use empirical and field-experimental approach, considering virtual worlds 

as artificial laboratories with a lot of research opportunities. They examine the 

positive effect of conspicuous consumption on social capital attainment analyzing 

data from an online social game. Roquilly (2011) analyzes 20 virtual worlds with a 

proposed 5Cs model containing copyright, codes, creativity, community and 

contract as components. He suggests some recommendations for firms to improve 

the sustainability of business models using his analytical frame. Animesh et al. 

(2011) analyze primary data obtained from users in an online social game and find 

that technical stimulus such as interactivity can increase intention to purchase. A 

recent study identifies a behavior of excessive dependence on mobile social apps 

analyzing weekly app consumption data (Kwon et al. 2016). Especially, Liu et al. 

(2013) view game design as an IT-mediated competition among players who are 

faced different level of challenges. They argue that, to compete with other players, 

users expend resources including in-game-resources and their own effort. We also 

consider the social game we analyze as a competition among users. In general, 

even though prior studies about social games provide a variety of discussions about 

users’ app usage behaviors, few studies, as far as we know, analyze individual-level 
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data of social interactions. As described in the next section, we rely on social 

capital theory (Nahapiet and Ghoshal 1998) to explain users’ participation in social 

activities. 

3. THEORETICAL BACKGROUND & HYPOTHESES 
 

3.1. Social Capital Attainment 

 By participating in social interaction activity, users can build their social 

networks with friends. Previous literature on social capital has theorized social 

behaviors in such social networks. Nahapiet and Ghoshal (1998, p.243) define 

social capital as “the sum of the actual and potential resources embedded within, 

and derived from the network of relationships possessed by an individual or social 

unit.” Here, social capital represents not the physical capital but the relational 

resources rooted in relationships between actors within a social network (Coleman 

1988). In other words, social capital can be considered as an investment with an 

expected return (Lin 1981; Coleman 1988; Burt 1992; Portes 1998). According to 

Nahapiet and Ghoshal (1998, p.244), they define structural capital as “the overall 

pattern of connections between actors – that is, who you reach and how you reach 

them.” This concept of structural capital is created by interactions among actors, 

including the frequency of communication. We rely on the concept of structural 

capital to measure the effect of social capital attainment on application usage and 

in-app purchase. Previous IS research on IT service satisfaction and virtual worlds 

also rely on this social capital theory (Sun et al. 2012; Hinz et al. 2015). Hinz et al. 

(2015) examines the effect of conspicuous consumption on social status, a form of 

social capital, in the context of social game. 

In our research context, users are expected to participate in social 
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interaction activity to attain social capital, a form of in-app resources as well as 

relational resources for competition. We expect that users who participate in social 

interaction activity show higher level of application usage than users who do not, 

because of the accessibility to social capital. We provide description of social 

capital in our research context in the section 4, the capital called as ‘Heart’ (in-app 

resource which is consumed to play). Beyond the usage level, we also measure the 

effect on users’ in-app purchases. As Griskevicius and Kenrick (2013) argue that 

making friends and attaining social capital represent fundamental motives for 

purchases, we expect higher level of purchase from the users who participate in 

social interaction activity. However, there is a possibility of not to purchase if users 

feel less difficulty in competition by using social capital attained from social 

interactions. Therefore, we hypothesize as following based on discussion above: 

Hypothesis 1a: The frequency of social interaction activity will have 

positive impact on application service usage. 

Hypothesis 1b: The frequency of social interaction activity will have 

positive impact on in-application purchase. 

Hypothesis 2a: The intensity of social interaction activity will have 

positive impact on application service usage. 

Hypothesis 2b: The intensity of social interaction activity will have 

positive impact on in-application purchase. 

3.2. Social Interactions 

An emerging stream of literature about the value of “social design” find 

that services which are designed with social features help users’ initial adoption 

(Dou et al. 2013; Hildebrand et al. 2013). The concept of adoption is studied by IS 
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studies as becoming a user of certain service or a paid user (Oestreicher-Singer and 

Zalmanson 2013; Sykes et al. 2009). We hypothesize that if users who have less 

experience in application service, the impact of social interaction activity becomes 

larger, helping their initial adoption to the service: 

Hypothesis 3a: The impact of the frequency of social interaction activity 

on application service usage will be greater for users with less experience. 

Hypothesis 3b: The impact of the frequency of social interaction activity 

on in-application purchase will be greater for users with less experience. 

3.3. Tie Strengths 

Granovetter (1973) defines tie strength as “a (probably linear) 

combination of the amount of time, the emotional intensity, the intimacy (mutual 

confiding), and the reciprocal services which characterize the tie.” He also 

proposes that weak ties are often more important than strong ties because the weak 

ties can deliver less redundant, or valuable, information. Therefore, we can expect 

that the value of interactions in social networks grows to a certain degree of tie 

strength and then decreases after it reaches to the peak. Many researchers have 

measured tie strength in different ways, such as the frequency of interactions in 

most studies (Granovetter 1973; Bond et al. 2012), the perceived importance or 

intimacy (Brown and Reingen 1987; Frenzen and Davis 1990; Granovetter 1983), 

the recency of contact (Lin et al. 1978), and the multidimensional concept (Aral 

and Walker 2014). In our research context where each interaction can be 

considered as an attainment of social capital, we follow frequency-based concept of 

tie strength, the average tie strength (Kane and Alavi 2008; Battilana and Casciaro 

2013; McFadyen and Cannella Jr 2004; McFadyen et al. 2009). Thus, we 
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hypothesize the curvilinear relationship between interaction intensity (average tie 

strength) and application service usage and in-app purchase: 

Hypothesis 4a: There is a curvilinear relationship between interaction 

intensity and application service usage. Increases in interaction intensity lead to 

increasing application service usage, but with diminishing returns. 

Hypothesis 4b: There is a curvilinear relationship between interaction 

intensity and in-app purchase. Increases in interaction intensity lead to increasing 

in-app purchase, but with diminishing returns. 

4. DATA 
 

4.1. Data Collection 

 The data set for this study comes from one of the biggest Korean mobile 

game firm operating several mobile casual games. The name of the game is 

‘Cookie Run for Kakao’ and is one of the most popular mobile casual game since 

its launching in April 2013. The cumulated number of users in the app is about 26 

million. Our weekly data set covers from 26 January to 20 July in 2015 (25 weeks). 

The rationale for choosing the data period are 1) several major updates which may 

affect users’ behavioral patterns are done in 2014 and the service was in stable 

condition in the chosen period and 2) there are much less data losses in 2015 due to 

the data logging system of the firm. During the data period, the total number of 

390,099 users who actually play the game more than 20 weeks are identified. 

4.2. Social Interaction Participation in Focal App 

 The focal firm gathered not only users’ behavioral data but also social 

interaction data. The key characteristic of the social interaction is that users can 

interact with others using friends’ information in a mobile social messenger, 
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‘KakaoTalk’, the most popular messenger in Korea. The studied social interaction 

in the application is described as follows. 1) When a user initially creates her 

account in the focal app, the app collects a list of her friends from ‘KakaoTalk’ who 

also use the app. 2) In the app, the user can send a mail containing one ‘heart’ (in-

app-resource, one heart is consumed for one play) to her friends. The mail is 

delivered through ‘KakaoTalk’ application with a pre-fixed message: “One heart 

has been arrived. Let’s play together!” 3) A receiver must access to the app to claim 

his heart. He gains one heart resource immediately when he accepts the mail. He 

can resend the mail to the sender in the same manner. 4) A user can send the mail to 

a friend only once in an hour. According to prior literature, the social interaction 

feature in our study can be included as ‘Personalized Referrals’ because users send 

a personalized message to their selected friends (Aral and Walker 2011). 

Two important points must be checked: 1) Users can find and add friends 

by sharing their accounts of ‘KakaoTalk’ messenger. By doing so, users can build 

and expand the size of own networks in the focal app. 2) Participating in the social 

interaction activity is not mandatory; namely, some users who never send or 

receive the heart mail exist. Among the whole 390,099 users, about 16.08%(62,733 

users) of users do not participate in the social interaction activity. Among the users 

exchanging the heart mail, a duration of participation period varies from 1 week to 

25 weeks. 

 Our research focus is measuring the effect of social interaction 

participation when a certain type of reward can be earned by each interaction. In 

our study, the reward is gaining one heart resource by receiving the heart mail. 

Here, we need to make clear a motivation to participate in the social interaction 

behavior. To play a game, users must consume one heart resource. Without 
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participating in the social interaction, users’ heart resource is automatically charged 

up to five. However, users can cumulate heart resources without limit (more than 

five) if they earn the reward by receiving the heart mails. One constraint exists that 

users can send the message to the same friend after 1 hour is passed and only the 

receiver earns a heart. 

4.3. Variable Operationalization 

 The dependent variable for our analysis is users’ app use frequency and 

in-app purchase. We, therefore, analyze two different empirical model using each 

dependent variable. For the first dependent variable, users’ app usage frequency, 

we use total play counts in given week period as a measure of app usage frequency 

(denoted by playcount). For the second, in app purchase, we use total paid amount 

of cash to purchase in-app currency (denoted by purchaseamt). Purchasing a type 

of in-app currency is a typical business model of ‘Freemium’ model (Anderson 

2006; Wagner et al. 2013; Pujol 2010; Riggins 2002). 

The main independent variables are collected by two variables, the total 

number of messages sent by a user in a given week (denoted by sendcount) and the 

total number of messages received by a user in a given week (denoted by 

receivecount). In similar way, the total number of friends to whom a user sends 

messages in a given week (denoted sendfriend) and the total number of friends 

from whom a user receives messages in a given week (denoted receivefriend) are 

used in our analysis. An intensity of participating in social interaction activity is 

captured by two variables, an intensity of sending generated from dividing 

sendcount by sendfriend in a given week (denoted by intensitysend), and an 

intensity of receiving generated from dividing receivecount by receivefriend in a 
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given week (denoted by intensityreceive). A user characteristic that the total days 

passed since a user created her app account is captured by a continuous variable 

(denoted by tenure). 

For control variables, the highest score recorded by a user in a given week 

is collected to represent her skill (denoted by maxscore). Lastly, we do not have 

any demographic variable in our dataset. The firm working with us cannot collect 

any demographic data because of the privacy policy of KakaoTalk company. Table 

1 contains descriptive statistics of all variables above. 

Table 1. Variable Definitions 
Variable Definition 

playcountit The frequency of app usage by user i in a given week period t 

purchaseamtit The total amount of in-app purchase by user i in a given week period t 

sendcountit 
The total number of social messages user i sent in a given week period 
t 

intensitysendit 
The ratio of the total number of sent social messages to the total 
number of friends to whom user i sent in a given week period t 

tenureit The total days passed since a user created his app account 

maxscoreit The maximum score user i achieved in a given week period t 

receivefriendIVit 
The total number of friends from whom user i received social messages 
in a given week period t-1 

 
Table 2. Descriptive statistics 

Variable Obs Mean Std. Dev. Min Max 
playcount 9,005,983 38.58 68.83 1 8358 

purchaseamt 9,005,983 335.26 8092.24 0 1.60E+07 

sendcount 9,005,983 31.01 141.57 0 17385 

receivecount 9,005,983 30.13 133.63 0 11013 

sendfriend 9,005,983 6.05 22.39 0 1317 

receivefriend 9,005,983 5.66 20.64 0 4723 

intensitysend 9,005,983 1.66 3.55 0 119 

intensityrecieve 9,005,983 2.10 3.57 0 161 
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tenure 9,005,983 536.10 223.11 1 840 

maxscore 9,005,983 1.07E+08 8.00E+07 2.00E+00 2.15E+09 
 

5. ECONOMETRIC SPECIFICATION 
 
 In this section, we specify our research model to measure the effect of 

social interaction participation. Next, we discuss on econometrical challenges in 

analyzing our dataset. Our plan is to implement control function approach using 

instrumental variable. 

5.1. Empirical Model Specification 

To conduct hypothesis testing, we set up our empirical model as follows: 

log(𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑖𝑖𝑖𝑖) = 𝛽𝛽0 + 𝛽𝛽1log(𝑠𝑠𝑠𝑠𝑝𝑝𝑠𝑠𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝)𝑖𝑖𝑖𝑖 + 𝛽𝛽2log(𝑠𝑠𝑠𝑠𝑝𝑝𝑠𝑠𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝)𝑖𝑖𝑖𝑖 ×

𝑝𝑝𝑠𝑠𝑝𝑝𝑝𝑝𝑡𝑡𝑠𝑠𝑖𝑖𝑖𝑖 + 𝛽𝛽3𝑖𝑖𝑝𝑝𝑝𝑝𝑠𝑠𝑝𝑝𝑠𝑠𝑖𝑖𝑝𝑝𝑝𝑝𝑠𝑠𝑠𝑠𝑝𝑝𝑠𝑠𝑖𝑖𝑖𝑖 + 𝛽𝛽4𝑖𝑖𝑝𝑝𝑝𝑝𝑠𝑠𝑝𝑝𝑠𝑠𝑖𝑖𝑝𝑝𝑝𝑝𝑠𝑠𝑠𝑠𝑝𝑝𝑠𝑠𝑖𝑖𝑖𝑖2 + 𝛾𝛾𝑚𝑚𝑝𝑝𝑚𝑚𝑠𝑠𝑝𝑝𝑝𝑝𝑡𝑡𝑠𝑠𝑖𝑖𝑖𝑖 + 𝛼𝛼𝑖𝑖 +

𝑝𝑝𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖                     (1) 

 In Equation (1), i denotes a user, and t denotes the time period. maxscoreit 

represents a behavioral control variable. αi represents an unobserved time-invariant 

user specific effect. We assume that unobserved personal heterogeneity in 

participating in social interaction is related to the independent variables. Therefore, 

we apply panel fixed-effect model to eliminate any time-invariant fixed effects. ut 

represents user-invariant and time-variant effect. In our data period, users’ app 

usage pattern varies with the number of holidays in a week and every first week 

(Korean telephone companies reset the in-app payment limit every first week). 

Thus, users play and purchase more in every first week than in other weeks. 

Therefore, we control time-variant effect by introducing week dummies (24 

dummy variables). 

 To test hypotheses regarding purchasing behaviors, we set up the model as 
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follows: 

log(𝑝𝑝𝑝𝑝𝑡𝑡𝑝𝑝ℎ𝑝𝑝𝑠𝑠𝑠𝑠𝑝𝑝𝑚𝑚𝑝𝑝𝑖𝑖𝑖𝑖) = 𝛽𝛽0 + 𝛽𝛽1log(𝑠𝑠𝑠𝑠𝑝𝑝𝑠𝑠𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝)𝑖𝑖𝑖𝑖 + 𝛽𝛽2log(𝑠𝑠𝑠𝑠𝑝𝑝𝑠𝑠𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝)𝑖𝑖𝑖𝑖 ×

𝑝𝑝𝑠𝑠𝑝𝑝𝑝𝑝𝑡𝑡𝑠𝑠𝑖𝑖𝑖𝑖 + 𝛽𝛽3𝑖𝑖𝑝𝑝𝑝𝑝𝑠𝑠𝑝𝑝𝑠𝑠𝑖𝑖𝑝𝑝𝑝𝑝𝑠𝑠𝑠𝑠𝑝𝑝𝑠𝑠𝑖𝑖𝑖𝑖 + 𝛽𝛽4𝑖𝑖𝑝𝑝𝑝𝑝𝑠𝑠𝑝𝑝𝑠𝑠𝑖𝑖𝑝𝑝𝑝𝑝𝑠𝑠𝑠𝑠𝑝𝑝𝑠𝑠𝑖𝑖𝑖𝑖2 + 𝛾𝛾𝑚𝑚𝑝𝑝𝑚𝑚𝑠𝑠𝑝𝑝𝑝𝑝𝑡𝑡𝑠𝑠𝑖𝑖𝑖𝑖 + 𝛼𝛼𝑖𝑖 +

𝑝𝑝𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖                    (2) 

Equation (2) is modeled to analyze app profitability. All the variables on 

the RHS are the same as equation (1). 

5.2. Endogeneity Issue 

In our empirical model, we must consider an endogeneity issue. The 

potential source of endogeneity is the correlation between the frequency of the 

heart mail sent to friends and the error term. Specifically, each individual user may 

have own preference to the focal app. If a user has higher preference to the social 

game than others, she may interact more intensively with her friends than others 

may do. Such omitted individual preference may be correlated with the frequency 

of social interactions in our research. If we estimate Equation (1) or (2) without 

solving the endogeneity issue, the estimated effect may be over-estimated. 

We address this potential endogeneity issue using a two-step procedure 

called as the control function approach. The control function approach is the one 

extended from traditional treatment effect model correcting the endogeneity of 

discrete treatments (Heckman et al. 1997; Shaver 1998). Using the control function 

approach, the endogeneity of any type of variables (e.g., continuous, ordered, and 

count variables) can be handled (Blundell et al. 2005; Petrin and Train 2010). The 

basic idea of the control function approach is including extra control variable in the 

main equation to condition out the variation in the disturbance term that may be 

correlated with an independent variable (Petrin and Train 2010). After the 
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conditioning out, we can obtain proper estimates without the endogeneity issue. 

The two-step procedure of the control function approach is as follow. In 

the first step, we estimate a control function model that explains the frequency of 

sending the heart mail, the endogenous variable (denoted by sendcount), on an 

instrumental variable, the number of friends who send the heart mail to the user i in 

a prior week period (denoted by receivefriendIV). In the second step, we obtain the 

residual term resulting from the control function model and include it as additional 

explanatory variable in our main models, equation (1) and (2) (denoted by 

CFsendcount). This newly obtained variable is introduced to each main model as 

follows: 

log(𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑖𝑖𝑖𝑖) = 𝛽𝛽0 + 𝛽𝛽1log(𝑠𝑠𝑠𝑠𝑝𝑝𝑠𝑠𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝)𝑖𝑖𝑖𝑖 + 𝛽𝛽2log(𝑠𝑠𝑠𝑠𝑝𝑝𝑠𝑠𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝)𝑖𝑖𝑖𝑖 ×

𝑝𝑝𝑠𝑠𝑝𝑝𝑝𝑝𝑡𝑡𝑠𝑠𝑖𝑖𝑖𝑖 + 𝛽𝛽3𝑖𝑖𝑝𝑝𝑝𝑝𝑠𝑠𝑝𝑝𝑠𝑠𝑖𝑖𝑝𝑝𝑝𝑝𝑠𝑠𝑠𝑠𝑝𝑝𝑠𝑠𝑖𝑖𝑖𝑖 + 𝛽𝛽4𝑖𝑖𝑝𝑝𝑝𝑝𝑠𝑠𝑝𝑝𝑠𝑠𝑖𝑖𝑝𝑝𝑝𝑝𝑠𝑠𝑠𝑠𝑝𝑝𝑠𝑠𝑖𝑖𝑖𝑖2 + 𝛾𝛾𝑚𝑚𝑝𝑝𝑚𝑚𝑠𝑠𝑝𝑝𝑝𝑝𝑡𝑡𝑠𝑠𝑖𝑖𝑖𝑖 +

𝛿𝛿𝐶𝐶𝐶𝐶𝑠𝑠𝑠𝑠𝑝𝑝𝑠𝑠𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑖𝑖𝑖𝑖 + 𝛼𝛼𝑖𝑖 + 𝑝𝑝𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖                                      (3) 

log(𝑝𝑝𝑝𝑝𝑡𝑡𝑝𝑝ℎ𝑝𝑝𝑠𝑠𝑠𝑠𝑝𝑝𝑚𝑚𝑝𝑝𝑖𝑖𝑖𝑖) = 𝛽𝛽0 + 𝛽𝛽1log(𝑠𝑠𝑠𝑠𝑝𝑝𝑠𝑠𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝)𝑖𝑖𝑖𝑖 + 𝛽𝛽2log(𝑠𝑠𝑠𝑠𝑝𝑝𝑠𝑠𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝)𝑖𝑖𝑖𝑖 ×

𝑝𝑝𝑠𝑠𝑝𝑝𝑝𝑝𝑡𝑡𝑠𝑠𝑖𝑖𝑖𝑖 + 𝛽𝛽3𝑖𝑖𝑝𝑝𝑝𝑝𝑠𝑠𝑝𝑝𝑠𝑠𝑖𝑖𝑝𝑝𝑝𝑝𝑠𝑠𝑠𝑠𝑝𝑝𝑠𝑠𝑖𝑖𝑖𝑖 + 𝛽𝛽4𝑖𝑖𝑝𝑝𝑝𝑝𝑠𝑠𝑝𝑝𝑠𝑠𝑖𝑖𝑝𝑝𝑝𝑝𝑠𝑠𝑠𝑠𝑝𝑝𝑠𝑠𝑖𝑖𝑖𝑖2 + 𝛾𝛾𝑚𝑚𝑝𝑝𝑚𝑚𝑠𝑠𝑝𝑝𝑝𝑝𝑡𝑡𝑠𝑠𝑖𝑖𝑖𝑖 +

𝛿𝛿𝐶𝐶𝐶𝐶𝑠𝑠𝑠𝑠𝑝𝑝𝑠𝑠𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑖𝑖𝑖𝑖 + 𝛼𝛼𝑖𝑖 + 𝑝𝑝𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖                                      (4) 

The idea here is that if a larger number of friends who sent the heart mail 

to user i in the prior week period, the user i tends to send more heart mails to her 

friends in the following week period, maintaining beneficial relationships for social 

capital attainment. The identifying assumption is that conditional on the users’ 

characteristic, seasonality, etc., covariation of the frequency of sending the heart 

mail is due to the variation in the number of friends who sent the mail in the last 

week, not due to unobserved factors. An instrumental variable must be correlated 

with the endogenous variable but uncorrelated with the error term in equation (1) 

and (2). In our dataset, the correlation between the instrumental variable and the 
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endogenous variable is 0.70 as shown in Table 2, fulfilling the inclusion condition. 

Table 3 shows the regression result of the endogenous variable on the instrumental 

variable. The more friends send the heart mail to a user in the prior week period, 

the more frequently that user send the mail in the following week period. 

Table 3. Correlation Matrix 
  playcount purchaseamt sendcount tenure intensitysend receivecountIV 

playcount 1.00      
purchaseamt 0.05 1.00     
sendcount 0.38 0.03 1.00    
tenure -0.11 -0.01 -0.03 1.00   
intensitysend 0.27 0.02 0.36 -0.05 1.00  
receivefriendIV 0.24 0.02 0.70 -0.02 0.23 1.00 

 
Table 4. First-Stage Estimates for sendcount 

  Estimate. SD Estimate. SD 

receivefriendIV 4.8029*** 0.0016 4.0521*** 0.0025 

User Fixed Effects No Yes 

Weekly Fixed Effects No Yes 

Observations 9,005,983 9,005,983 

R-squared 0.49 0.49 
 

6. RESULTS 
 

We discuss about the result of estimating equation (3). Table 5 represents 

the result of our empirical model. Before estimating our full model, we start from 

OLS model without a control variable as shown in model (1). In model (2) we 

control individual and time fixed effects by estimating fixed effect panel model. In 

model (3) we then include users’ behavioral variable as control. Model (4) is our 

full model with an extra explanatory variable obtained from the error term in the 

control function model. The fit statistic (R2) gets larger from model (1) to model (4), 

providing validity of introducing control variables. To check multicollinearity issue, 
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we calculate variance inflation factors (VIF) for the independent variables. All the 

VIF values are less than 8, therefore, multicollinearity issue is not a serious 

problem. 

Through the all models in Table 5, we observe the estimated parameter 

corresponding to the frequency of sending social messages is consistently 

significant and positive (0.2358 in model (4), p<0.01). Therefore, we support 

hypothesis 1a. Moreover, we identify the estimated parameter corresponding to the 

intensity of sending social messages is consistently significant and positive (0.0669 

in model (4), p<0.01). Hypothesis 2a is also supported. 

Next, the estimated parameter of interaction term is consistently 

significant and negative (-0.0001 in model 4, p<0.01). Thus, hypothesis 3a is 

supported. To assess the magnitude of the effect, we find the marginal effect of the 

frequency of sending social messages on app usage frequency to be 8% (when 

evaluated at the mean). This marginal effect implies that one unit changes in log-

transformed sendcount variable is associated with 8% increase in actual frequency 

of app usage. 

We also find that the estimated parameter of interaction intensity is 

consistently significant and positive (0.0669 in model 4, p<0.01). However, the 

estimated parameter of squared interaction intensity is consistently negative (-

0.0008 in model 4, p<0.01). These results support the existence of curvilinear 

relationship with diminishing returns between interaction intensity and app usage 

frequency, as depicted in Figure 1a. Thus, hypothesis 4a is supported. Here, Figure 

1a shows that if a user interacts more than 45 times per each of her friend in a week, 

the marginal effect of increases in social interaction on app usage frequency turns 

negative. 
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Table 5. Impact of Social Interaction Activity on App Usage Frequency 

  
Model (1) 

OLS  
Model (2) 
No control  

Model (3) 
Control for 

behavioral variable  

Model (4) 
Control Function 

Approach 

 Estimate SD  Estimate SD  Estimate SD  Estimate SD 

log(sendcount) 0.2398*** 0.0006  0.2491*** 0.0080  0.2517*** 0.0008  0.2358*** 0.0008 

log(sendcount)
× tenure 

-0.0002*** 0.0000  -0.0000* 0.0000  -0.0001*** 0.0000  -0.0001*** 0.0000 

intensitysend 0.0650*** 0.0003  0.0747*** 0.0003  0.0692*** 0.0003  0.0669*** 0.0003 

intensitysend2 -0.0008*** 0.0000  -0.0008*** 0.0000  -0.0007*** 0.0000  -0.0008*** 0.0000 

maxscore       0.0000*** 0.0000  0.0000*** 0.0000 

CFsendcount          0.0004*** 0.0000 

Intercept 2.7372*** 0.0004  2.7565*** 0.0014  2.3911*** 0.0013  2.4085*** 0.0014 

User fixed effects No  Yes  Yes  Yes 
Weekly fixed 
effects No  Yes  Yes  Yes 

Observations 9,005,983 
 

9,005,983 
 

9,005,983 
 

9,005,983 

n 390,099  390,099  390,099  390,099 
R-squared 0.12  0.15  0.25  0.26 

 
Table 6 represents the impact of social interaction behaviors on in-app 

purchase. First of all, we find that the fit statistic (R2) is very small due to sparse 

value of dependent variable; namely, purchaseamt contains many zeros. The reason 

of sparse purchase is that normally freemium service generates revenue from the 

small number of paying users (Anderson 2006). Here, all the VIF values are also 

less than 8, therefore, multicollinearity issue is not an issue. 

From the model 1 to model 4 in Table 6, we confirm the same hypothesis 

testing results as in Table 5, using purchase amounts as a dependent variable. Thus, 

hypotheses 1b, 2b, 3b and 4b are also supported. We find that the marginal effect of 

the frequency of sending social messages on purchase amounts to be 19% (when 

evaluated at the mean) based on model 4. This marginal effect implies that one unit 

changes in log-transformed sendcount variable is associated with 19% increase in 
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purchases of in-app currency. Figure 1b shows the curvilinear relationship of 

hypothesis 4b is supported. It means that if a user interacts more than 40 times per 

each of her friend in a week, the marginal effect of increases in social interaction 

on in-app purchases changes to negative. 

Table 6. Impact of Social Interaction Activity on In-app Purchase 

   
Model (1) 
No control  

Model (2) 
Control for 
behavioral 
variable 

 

Model (3) 
Control Function 

Approach 

 

Model (4) 
Pay User Only 

  Estimate SD  Estimate SD  
Estimate SD  Estimate SD 

log(sendcount)  0.0366*** 0.0009  0.0368*** 0.0009 0.0280*** 0.0009  0.1539*** 0.0076 

log(sendcount)× 
tenure 

 -0.0000*** 0.0000  -0.0000*** 0.0000 -0.0000*** 0.0000  -0.0001*** 0.0000 

intensitysend  0.0129*** 0.0003  0.0125*** 0.0003  0.0112*** 0.0003  0.1065*** 0.0031 

intensitysend2  -0.0001*** 0.0000  -0.0001*** 0.0000  -0.0001*** 0.0000  -0.0014*** 0.0001 

CFsendcount        0.0002*** 0.0000  0.0005*** 0.0000 

maxscore     0.0000*** 0.0000  0.0000*** 0.0000  0.0000*** 0.0000 

Intercept  0.0515*** 0.0015  0.0237*** 0.0016  0.0333*** 0.0016  0.3742*** 0.0164 

User fixed effects  Yes  Yes  Yes  Yes 

Weekly fixed effects  Yes  Yes  Yes  Yes 

Observations 
 

9,005,983  9,005,983  9,005,983  862,408 

n  390,099  390,099  390,099  37,090 
R-squared  0.003  0.01  0.01  0.03 

 
Figure 1a, 1b. Effects of Intensity of Social Interactions on App Usage and Purchases 

 
 
7. ROBUSTNESS CHECKS 
 
 In addition to the panel model in our main analysis, we check the validity 

of our results applying additional models for count-type variables. Our main 
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dependent variables are playcount and purchaseamt, each of which is count and 

continuous variable respectively. To execute models for count type dependent 

variable, we use a variable purchasecnt which is the total frequency of purchase in 

a given week period as the new dependent variable for purchaseamt. 

 Among regression models for count outcomes, negative binomial 

regression allows for over-dispersion of dependent variable. We checked that our 

dependent variable playcount is over-dispersed; specifically, it has a mean of 38.58 

and a variance of 4737.26. Using the same six variables in our main analysis, we 

check the validity of our results by conducting negative binomial regressions for 

dependent variable playcount. Here, we do not take the logarithm of dependent 

variable. Table 7 shows that all estimated coefficients are similar to the results that 

we presented earlier. 

Table 7. Impact of Social Interaction Activity on App Usage Frequency (Negative Binomial) 

  
Model (1) 

Negative Binomial  

Model (2) 
Negative Binomial 

Fixed-effect 

 
Model (3) 

Negative Binomial 
Random-effect 

 Estimate SD  Estimate SD Estimate SD 

log(sendcount) 0.2345*** 0.0005  0.0804*** 0.0005 0.0804*** 0.0005 

log(sendcount)× tenure -0.0002*** 0.0000  -0.0001*** 0.0000  -0.0001*** 0.0000 

intensitysend 0.0521*** 0.0002  0.0755*** 0.0002  0.0755*** 0.0002 

intensitysend2 -0.0005*** 0.0000  -0.0011*** 0.0000  -0.0011*** 0.0000 

maxscore 0.0000*** 0.0000  0.0000*** 0.0000  0.0000*** 0.0000 

CFsendcount 0.0005*** 0.0000  0.0003*** 0.0000  0.0003*** 0.0000 

Intercept 2.9640*** 0.0006  0.3508*** 0.0011  0.3508*** 0.0011 

User fixed effects No  Yes  No 

Weekly fixed effects No  Yes  No 

Observations 9,005,983 
 

9,005,983  9,005,983 

n 390,099  390,099  390,099 
 
To check the validity of our results on purchase behaviors with negative 



 

 ２１ 

binomial regressions, we put a dependent variable representing the total frequency 

of purchase in a given week period (purchasecnt) instead of the amount of in-app 

purchases (purchaseamt). Throughout the negative binomial models in Table 8, we 

confirm that our results are still consistent. 

Table 8. Impact of Social Interaction Activity on In-app Purchase Frequency(Negative 
Binomial) 

  
Model (1) 

Negative Binomial  

Model (2) 
Negative Binomial 

Fixed-effect 

 
Model (3) 

Negative Binomial 
Random-effect 

 Estimate SD  Estimate SD Estimate SD 

log(sendcount) 0.2668*** 0.0053  0.0704*** 0.0064 0.0804*** 0.0005 

log(sendcount)× tenure -0.0003*** 0.0000  -0.0000** 0.0000  -0.0001*** 0.0000 

intensitysend 0.0560*** 0.0027  0.0877*** 0.0027  0.0755*** 0.0002 

intensitysend2 -0.0010*** 0.0010  -0.0015*** 0.0001  -0.0011*** 0.0000 

maxscore 0.0000*** 0.0000  0.0000*** 0.0000  0.0000*** 0.0000 

CFsendcount 0.0005*** 0.0000  0.0002*** 0.0000  0.0003*** 0.0000 

Intercept -5.1594*** 0.0076  -1.8152*** 0.0178  0.3508*** 0.0011 

User fixed effects No  Yes  No 

Weekly fixed effects No  Yes  No 

Observations 9,005,983 
 

862,408  9,005,983 

n 390,099  37,090  390,099 
 

 Next, we check the consistency of our results using variables represent 

receiving social messages. In our main analysis, we operationalize the interaction 

frequency and intensity to sendcount and intensitysend variables. However, 

receiving social messages may play an important role when we consider its impact 

on app usage frequency and purchases. Here, we replace variables related to 

sending social messages with those related to receiving social messages. The 

variables receivecount (The total number of social messages user i sent in a given 

week period t) and intensityreceive (The ratio of the total number of received social 

messages to the total number of friends from whom user i received social messages 
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in a given week period t) are used here to estimate the main model. The dependent 

variables are the logarithm of playcount and the logarithm of purchaseamt, 

respectively. Through the all models in Table 9, we see the estimated parameters 

corresponding to the receiving social messages are consistent with the results in our 

main analysis. One interesting point is that the estimated coefficient of 

ln(receivecount) is quite larger than that of ln(sendcount) in Model (3) in Table 5 

(0.3126 > 0.2517). Considering that we use the same model and sample for 

estimation, we conclude that receiving social messages has greater impact on app 

usage frequency because receiving messages is an action of attaining social capital 

(not only physical resources, the hearts, but also relational resources embedded in 

relationships) in our research context. Therefore, we can conclude that our main 

results are valid when we take receiving social messages into account. 

Table 9. Impact of Social Interaction Activity on App Usage Frequency (Receiving 
messages) 

 

 
Model (1) 

OLS  
Model (2) 

Fixed-effect 

Estimate SD  Estimate SD 
log(receivecount)  0.2612*** 0.0005  0.3126*** 0.0008 
log(receivecount)× tenure  -0.0003*** 0.0000  -0.0002*** 0.0000 
intensityreceive  0.0433*** 0.0002  0.0110*** 0.0003 
intensityreceive2  -0.0005*** 0.0000  -0.0001*** 0.0000 
maxscore  0.0000*** 0.0000  0.0000*** 0.0000 
Intercept  2.3438*** 0.0006  2.4020*** 0.0013 
User fixed effects  No  Yes 
Weekly fixed effects  No  Yes 
Observations  9,005,983 

 
9,005,983 

n  390,099 
 

390,099 
R-squared  0.16  0.23 

 
 Table 10 represents results of the model with log-transformed purchase 

amount (purchaseamt) as a dependent variable. It shows that all estimated 

parameters are consistent and significant throughout all models. Compared to 
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estimated coefficient of log(sendcount) in model (4) in Table 6, that of 

log(receivecount) in model (3) in Table 10 is greater (0.1539 < 0.2188). 

Table 10. Impact of Social Interaction Activity on In-app Purchase (Receiving messages) 

   
Model (1) 

OLS  
Model (2) 

Fixed-effect  
Model (3) 

Pay User Only 

  Estimate SD  Estimate SD  Estimate SD 
log(receivecount)  0.0370*** 0.0005  0.0441*** 0.0009  0.2188*** 0.0082 
log(receivecount)× tenure  -0.0000*** 0.0000  -0.0000*** 0.0000  -0.0001*** 0.0000 
Intensityreceive  0.0039*** 0.0002  0.0040*** 0.0003  0.0509*** 0.0028 
intensityreceive2  -0.0001*** 0.0000  -0.0000*** 0.0000  -0.0007*** 0.0007 
maxscore  0.0000*** 0.0000  0.0000*** 0.0000  0.0000*** 0.0000 
Intercept  0.0066*** 0.0006  0.0237*** 0.0016  0.3874*** 0.0168 
User fixed effects  No  Yes  Yes 
Weekly fixed effects  No  Yes  Yes 
Observations 

 
9,005,983  9,005,983  862,408 

n  390,099  390,099  37,090 
R-squared  0.005  0.01  0.03 
 

8. SUMMARY AND CONCLUSION 
 
 This paper measures the effect of users’ social interaction activity on app 

usage frequency and profitability. We view the motivation of a user to interact with 

others in an app service is to attain social capital, a form of in-app rewards and 

relational resources. Using novel data set from one of the most popular Korean 

mobile social game service, we implement control function approach to deal with 

endogeneity issue. We find that the marginal effect of the frequency of sending 

social messages on app usage frequency to be 8% and the marginal effect on 

purchase amounts to be 19% (both when evaluated at the mean). Moreover, we 

reveal that the intensity of sending social messages increases both app usage 

frequency and purchases only when the intensity is less than 50 and 40 for each. 

Our contributions are as follow: Firstly, this study is the first one 

considering social interaction behaviors when users can earn a certain type of 

incentive per each interaction. Under such condition, the pattern of users’ social 

interaction behaviors shows greater in scale and intensity. We find that promoting 
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social interactions by giving a reward is still effective to increase service usage and 

profitability. Our result coincides with rising number of online or mobile services 

which connect themselves to other social networking services such as Facebook, 

Google plus or Kakaotalk. This result could be helpful for practitioners when they 

introduce any social features enabling users to interact with others into their 

services. Secondly, we reveal the dynamic aspects in the marginal effects of social 

interactions. To be specific, increases in the intensity of social interactions 

negatively affect to app usage and in-app purchase behaviors over certain point. 

This implies that some users could actively increase their interaction intensity to 

obtain more rewards than others. This type of users may easily get tired of using 

the social app because of many repetitions or have less motivation of purchases 

because of taking advantage of cumulated rewards. Therefore, our result could be 

useful for decision makers to manage such heavy users who interact intensively to 

maintain users’ life span and profitability. 

Some limitations of our research are as follows. First, we study only one 

social app service which is especially game service and do not include data from 

other comparable social services, such as shopping or cultural activity. Second, few 

users make a purchase in our sample data due to the characteristic of freemium 

business model. This small number of paid-users make us difficult to obtain larger 

R2 and to conduct subsample analysis by dividing whole users into comparable 

subgroups. However, our results show significant effects in overall figures and 

applicable to different type of social services. For future research, comparing 

effects of social interactions from different group of users, such as paid and non-

paid users may adequate to investigate. 
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APPENDIX 1: Scatter Plot of sendcount vs. playcount 
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APPENDIX 2: Scatter Plot of sendcount vs. purchaseamt 
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APPENDIX 3: Scatter Plot of receivecount vs. playcount 
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APPENDIX 4: Scatter Plot of receivecount vs. 
purchaseamt 
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APPENDIX 5: Multicollinearity Check 
 

All VIFs (Variance Inflation Factors) are less than 10 
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국문 초록 

 

사용자의 사회적 교류 활동이 사용자의 앱 사용 
빈도와 구매 활동에 미치는 영향 

 

 
 

정보 기술 및 모바일 기술의 발전으로 인해 디지털 서비스 기업들은 기

업의 서비스를 소셜 미디어에 연결할 수 있게 되었다. 이러한 서비스의 

사용자들은 소셜 기능(메시지 보내기, 친구 초대하기 등)을 사용하여 다

른 사용자와 상호작용할 수 있다. 더불어, 이제 기업들은 사용자들간의 

소통을 촉진하기 위하여 각각의 사회적 상호작용마다 특정한 형태의 보

상(할인, 보너스 포인트, 쿠폰 등)을 제공하고 있다. 그러나 보상이 주어

지는 환경 하에서 사용자들의 사회적 상호작용 활동이 앱 사용 빈도와 

구매 행동에 미치는 영향에 대한 연구가 부족한 상태이다. 본 연구에서

는 사용자들의 사회적 상호작용 활동이 사용자들의 앱 사용 빈도와 구매 

행동에 미치는 영향을 고찰한다. 특히, 사용자들이 상호작용을 할 때마

다 특정한 형태의 보상을 얻을 수 있는 서비스를 대상으로 한다. 본 연

구는 390,009명의 소셜 모바일 게임 사용자 데이터에 패널 고정 효과 

모형 및 통제 함수 접근법을 사용하여 결과를 도출하였다. 주요 결과로

는 소셜 메시지 발송이 1% 증가하면 앱 사용 빈도가 8% 증가하였고, 

구매 금액이 19% 증가하였다. 또한, 소셜 메시지 발송 강도가 앱 사용 

빈도와 구매 금액에 미치는 영향은 발송 강도가 40 이하일 때만 긍정적

인 영향을 미치는 것으로 나타났다. 본 연구는 소셜 네트워크 및 그 안

에서의 상호 작용에 관한 한 연구로서, 기업이 보상을 제공하는 시스템

을 통해 사용자간의 상호작용을 촉진하여 서비스 성공에 긍정적인 영향

을 미칠 수 있음을 실증 분석을 통해 밝혔다. 더불어, 실무자로 하여금 

상호작용 강도가 높은 사용자들을 고려하여 사용자 전체의 앱 사용 수명
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과 전체 수익을 극대화할 수 있는 의사결정을 내리는 데 활용할 수 있다

는 점에 가치가 있다. 

 

주요어: 사회적 상호작용, 소셜 게임, 앱 사용 빈도, 앱 수익성, 통제 함

수 접근법 
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