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Abstract 

Using a unique dataset on gaming and credit cards, we discover that default rates are higher among 
individuals who spend more, more frequently, and more erratically on video games, and among 
those who have more and more diverse games on their mobile devices. These results are less 
pronounced when spending occurs on weekends or bad weather days and more pronounced among 
overnight spenders. Differences in financial literacy or preferences for particular game types do 
not drive the results. Furthermore, intense gamers increase luxury, addictive, and impulsive 
expenditures more after receiving credit cards. Models of self-control offer a consistent 
explanation of our findings. 
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I. Introduction 

Consumer credit is central to the functioning of many households, and defaulting on those 

debts can be disruptive and costly to individuals and families. Credit card debt is an important 

component of consumer credit. For example, there are 189 million credit card holders with 

aggregate balances of $1.1 trillion in the United States.1 In China, credit card balances jumped six-

fold over the last seven years, reaching almost $1 trillion in 2019.2 Given the size of the market, 

researchers examine how demographics, income, education, and political connections influence 

credit risk (e.g., see Agarwal and Qian, 2014; Agarwal, Qian, Seru and Zhang, 2019).  

Although theory offers keen insights into how personality traits can affect credit risk (e.g., 

Hirshleifer (2015), few empirical studies examine the connections between behavior traits and 

credit card default rates. In particular, influential theories suggest that a lack of self-control—a 

lack of willpower or techniques for avoiding immediate gratification, myopic temptations, and 

impulsive actions—can induce individuals to behave in ways that deviate from their long-run 

ideals with potentially first-order implications on credit risk. These models include the dual-self 

models of Thaler and Shefrin (1981) and Fudenberg and Levine (2004); the present bias models 

of Laibson (1997), Fehr (2002), and Heidhues and Koszegi (2010); and the models of temptation 

avoidance and cue-triggered mistakes by Gul and Pesendorfer (2001) and Bernheim and Rangel 

(2004) respectively. Although these models predict that self-control problems will increase credit 

risk, we are unaware of any direct empirical evidence regarding the relationship between self-

control and credit card default. 

We contribute to research on consumer credit risk by examining the connections between 

video gaming behavior and credit card default. Five considerations motivate the use of gaming 

behavior to gauge self-control problems. First, research in psychology suggests that the degree of 

                                                           
1 These figures are from mid-2019. See Federal Reserve Consumer Credit Report (2019) and 
https://www.creditcards.com/credit-card-news/market-share-statistics.php#1. 
2 See, for example:(a) https://www.reuters.com/article/us-china-mastercard-breakingviews/breakingviews-chinese-
banks-resist-maxing-out-credit-cards-idUSKCN1Q207U; (b) https://www.scmp.com/business/banking-
finance/article/3017371/breakneck-growth-chinas-credit-card-debt-2012-raises; and (c) 
http://www.chinadaily.com.cn/a/201902/12/WS5c621e80a3106c65c34e8d3f.html. 

https://www.creditcards.com/credit-card-news/market-share-statistics.php#1
https://www.reuters.com/article/us-china-mastercard-breakingviews/breakingviews-chinese-banks-resist-maxing-out-credit-cards-idUSKCN1Q207U
https://www.reuters.com/article/us-china-mastercard-breakingviews/breakingviews-chinese-banks-resist-maxing-out-credit-cards-idUSKCN1Q207U
https://www.scmp.com/business/banking-finance/article/3017371/breakneck-growth-chinas-credit-card-debt-2012-raises
https://www.scmp.com/business/banking-finance/article/3017371/breakneck-growth-chinas-credit-card-debt-2012-raises
http://www.chinadaily.com.cn/a/201902/12/WS5c621e80a3106c65c34e8d3f.html
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self-control, as measured by survey questionnaires and choice experiments, is negatively 

associated with playing video games (e.g., Millar and Navarick, 1984; Gentile et al., 2012; 

Haghbin et al, 2013). Second, video games are designed to entice players into making immediate 

in-game purchases, such as buying weapons, costumes, tools, and virtual coins.3 This suggests that 

game players who are more susceptible to such temptations, i.e., those having less self-control 

(Gul and Pesendorfer, 2001), will spend more on gaming. Third, extensive gaming can lead to 

mental fatigue that reduces willpower, leading to impulsive spending (Hirshleifer et al., 2019). 

Fourth, online gaming is pervasive, advertising the potential value of exploiting our daily, 

individual-level data on gaming to extract information about behavioral traits. For example, about 

2.5 billion people worldwide, 626 million Chinese, and 211 million Americans play video games.4 

Finally, expenditures on gaming typically represent a negligible proportion of household 

expenditures. The average gamer in China spent $4 per month on video games and the comparable 

number for U.S. gamers was $25.5 Thus, our examination of the connections between video 

gaming behavior and credit card default is unlikely to capture the direct effect of gaming 

expenditures on the inability to make credit card payments. Rather, any connection between video 

gaming behavior and credit card default is more likely to reflect the distinctive behavioral traits of 

intensive gamers.   

Methodologically, we explore the connections between gaming behavior and credit card 

default along a multitude of dimensions and assess whether core theories of self-control offer a 

consistent explanation of all of these connections. We do not examine whether exogenous changes 

in gaming behavior influence credit card default. Rather, theory suggests that an underlying 

personality trait—self-control—can shape a range of behaviors, including video gaming, 

                                                           
3 For example, 94% of game expenditures in China occurred on in-game items or virtual goods. See 
https://newzoo.com/insights/infographics/china-games-market-2018/ 
4 On gaming worldwide, see: https://www.wepc.com/news/video-game-statistics/; on the China, see: the China 
Mobile Games 2018 Report (https://www.apptutti.com/corporate/china-mobile-games-2018-report/; and, for the 
U.S., see https://variety.com/2018/gaming/news/how-many-people-play-games-in-the-u-s-1202936332/. 
5 We computed these figures from the following sources of data: (1) https://www.scmp.com/tech/apps-
gaming/article/2099180/china-driving-global-video-games-market-record-us109b-2017, and (2) 
https://www.statista.com/outlook/203/109/video-games/united-states#market-revenue. 

https://newzoo.com/insights/infographics/china-games-market-2018/
https://www.wepc.com/news/video-game-statistics/
https://www.apptutti.com/corporate/china-mobile-games-2018-report/
https://variety.com/2018/gaming/news/how-many-people-play-games-in-the-u-s-1202936332/
https://www.scmp.com/tech/apps-gaming/article/2099180/china-driving-global-video-games-market-record-us109b-2017
https://www.scmp.com/tech/apps-gaming/article/2099180/china-driving-global-video-games-market-record-us109b-2017
https://www.statista.com/outlook/203/109/video-games/united-states#market-revenue
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consumption, savings, wealth accumulation, and credit card default. We offer an assortment of 

empirical findings about the connections between gaming behavior and credit card default and 

relate those findings to theories of self-control.  

To conduct our study, we use a unique dataset that contains daily information on 

individuals’ payments for online gaming activities, data on the number and types of games 

installed on mobile devices, and credit card information, including the dates when individuals 

applied for a credit card, whether the credit card company approved the application, and the 

timeliness of subsequent credit card payments. We obtained these data from a large Chinese 

financial firm (the firm) for a batch of almost 90,000 individuals who applied for credit cards 

between February 2017 and August 2017. The firm also provides us with data on individual 

gaming expenditures from a leading gaming company in China. We construct and examine several 

measures, including measures of the amount, frequency,6 and volatility of game expenditures, the 

number, diversity, and types of games, and whether an individual makes gaming expending over 

the weekend or during the workweek and whether expenditures occur on rainy or non-rainy days. 

To gauge consumer credit risk, we trace individuals’ credit card payment performance for 12 

months after obtaining the card. We define a default as occurring when a cardholder misses 

payments for more than 60 days. We believe that we are the first to explore the connections 

between such granular-level data on gaming and consumer credit risk. 

We discover that individuals who spent more and more frequently on gaming during the 

month prior to applying for the credit card were significantly more likely to default on debts 

incurred on the card. The results are robust to (1) using total expenditures on gaming or gaming 

expenditures relative to other individuals in the same income peer group and (2) conditioning on 

an array of demographic information. Across the different specifications, we find a strong, positive 

association between gaming and default. The estimated relationship is economically large. For 

example, individuals who spent money on gaming are on average 5.4 percentage points more likely 
                                                           
6 As detailed below, we consider variables of gaming expenditures that further account for individual income. Thus, 
similar to D’Acunto, Rossi, and Weber (2019), we differentiate credit card holders by their game spending relative 
to their income peers. 
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to default on their credit card debts, and a one-standard deviation increase in game spending is 

associated with a 2.2 percentage point greater probability of default. 

Given this strong connection between gaming and default, we extend our analyses along 

three dimensions to examine periods when gaming is more—or less—likely to reflect a loss of 

self-control. First, we expect that workweek gaming involves a more costly substitution out of 

work and into immediate gratification than a similar amount of gaming over the weekend. This 

suggests that more intensive gaming during the workweek provides a better proxy for a lack of 

self-control than weekend gaming, which might simply reflect leisure tastes. Consistent with this 

view, we find that game payments made during the workweek are positively associated with credit 

card default but payments made over weekends are not.  

Second, we expect gaming during bad weather days to reflect partially a substitution out 

of outdoor leisure activities and into indoor gaming. This suggests that gaming on bad weather 

days will be less indicative of self-control problems and less predictive of credit card default than 

gaming on good weather days. Indeed, we find that gaming expenditures on bad weather days do 

not predict credit card default, but expenditures on good weather days do help predict default.  

Third, a lack of self-control might also manifest as spending between midnight and 6 a.m. 

For example, individuals who play games throughout the night might become mentally fatigued, 

which can deplete their self-control as stressed by Hirshleifer et al. (2019). Thus, individuals who 

are both heavy gamers and overnight spenders might have especially high credit card default rates. 

Consistent with this view, we find that intensive gamers who make large overnight purchases have 

a much higher probability of defaulting on their credit card debts.  

Theories of self-control also motivate an examination of the volatility of gaming 

expenditures. In particular, some theories explain how people employ pre-commitment devices 

and other strategies to avoid making myopic, impulsive decisions (e.g., Thaler and Shefrin, 1981; 

O’Donoghue and Rabin, 2001; Ariely and Wertenbroch, 2002; DellaVigna and Malmendier, 2004; 

2006). For example, gamers with greater self-control might allocate a fixed amount of money for 

gaming at regular time intervals to avoid irregular surges in gaming expenditures. This would 
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suggest that gamers who are unable to implement effective budgeting strategies would tend to have 

more volatile game spending patterns, reflecting comparatively weak self-control. Consistent with 

this view, we find that gamers with more volatile spending on games have higher credit card 

default probabilities and this finding is not explained by differences in income volatility. The 

estimated coefficients suggest that compared to an individual with the same observable traits, an 

individual with one-standard deviation greater expenditure volatility has a 1.6 percentage point 

greater chance of defaulting on credit card debt.  

Another self-control technique involves avoiding cues or temptations that might trigger 

impulsive or addictive behaviors (e.g., Bernheim and Rangel, 2004; Gul and Pesendorfer, 2001). 

When applied to gaming, gamers with greater self-control might engage in cue and temptation 

avoidance by installing fewer game applications (apps) and fewer types of games (e.g., card and 

board, sports, strategy, role-playing, action, and leisure and puzzle games). From this perspective, 

more and more diverse games may reflect less self-control and hence suggest a higher probability 

of credit card default. This is what we find: individuals who have a larger number game-apps and 

a greater variety of game types on their mobile devices are more likely to default on their credit 

card payments. Moreover, these results hold when conditioning on individual game expenditures. 

This suggests that the positive association between default and game variety does not simply 

reflect greater spending on games.  

We were concerned that the linkages between gaming and default might hold only for 

people who play particular types of games, potentially confounding the ability to view the gaming 

measures as proxies for self-control. For example, one type of mobile game, card and board games, 

includes games such as poker, Dou dizhu, and Mahjong that involve gambling. While gambling 

and a lack of self-control might be highly correlated, gambling might reflect other personality traits 

associated with credit risk. Similarly, whether an individual plays action, role-playing games, 

strategy, or puzzle games might capture something distinctive about the individual’s personality 

that shapes financial decisions. Thus, we sequentially omit individuals with each type of game on 

their devices. For example, in one specification we omit all individuals with at least one card and 
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board game on their mobile devises; in the next specification, we omit all individuals with at least 

one puzzle game, etc. Across all specifications, gaming expenditures are positively and 

significantly associated with credit card default and the estimated coefficient on gaming does not 

vary much across the different subsamples. These results suggest that the connection between 

gaming and default does not just reflect one type of game; rather, these tests are consistent with 

the view that more intensive gamers, regardless of the type of game, tend to lack self-control and 

this lack of self-control also manifests in credit markets behaviors that lead to higher default rates. 

We were also concerned that the results might be driven by heterogeneity in “financial 

literacy.” For example, some people might be ignorant about the interest rate on credit card debt 

or their abilities to pay those debts. If there are strong connections among self-control, gaming, 

and an understanding of interest rates and household budgeting, then this could create challenges 

to drawing confident inferences about the connections between self-control and credit card default 

rates from gaming behavior. Thus, we re-did the analyses while separately examining (a) those 

who attended college and (b) those working in finance-related occupations. The estimated 

coefficients on the gaming measures in each of these four sub-samples are (a) positive and 

statistically significant from zero and (b) not statistically different from each other. These results 

indicate that the paper’s core findings are not simply driven by people with a particular level of 

education or those working in non-finance-related occupations.  

Using another unique database on individual consumption, we shed additional empirical 

light on whether impulsive overspending helps explain the link between gaming behavior and 

credit risk. To the extent that gaming is positively associated with impulsiveness, then pre-

application gaming should predict changes in expenditure patterns after getting a credit card, not 

just credit card default rates. Thus, we test whether pre-application gaming behavior is associated 

with subsequent changes in spending on luxury items (e.g., jewelry), spending on addictive goods 

(e.g., alcohol and cigarettes), and changes in overall spending immediately after getting a credit 

card. We discover that more intensive gaming prior to applying for a credit card is positively 

connected to (1) the growth rate of expenditures on luxury and addictive items and (2) the surge 
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in expenditures during the first month after receiving a new credit card. These findings are 

consistent with the view that more intensive gaming is associated with a lack of self-control, and 

that individuals with a lack of self-control have a greater tendency to impulsively overspend after 

receiving credit cards.7  

Finally, we assess whether these gaming measures provide information that is not already 

captured by credit card companies. Since lenders tend to incorporate the information that they 

obtain from ongoing relationships with borrowers into their credit allocation decisions (e.g., 

Mester, Nakamura, and Renault, 2006; Norden and Weber, 2010), we evaluate whether credit card 

companies have already incorporated the information contained in gaming measures into their 

credit card approval decisions. To make this assessment, we test whether the gaming measures 

predict approval rates on credit card applications. Specifically, we expand the sample to all 

applicants and use an indicator of whether an application is approved or rejected by the credit card 

company as the dependent variable. Consistent with the view that these gaming measures offer 

information above and beyond that contained in existing credit reports, we find that none of the 

key gaming measures helps predict credit card approval. This highlights the potential value added 

to lenders from using granular data on individual gaming behavior. 

Our work contributes to and complements recent research. Meier and Sprengler (2010) 

obtain precise information on the time preferences of 541 individuals through incentivized choice 

experiments and show that impatience is positively associated with the level of credit card debt 

after controlling income and other traits. Rather than using laboratory experiments to obtain 

measures of behavioral traits, we use individual, transaction-level data at a daily frequency for 

over 80,000 individuals. We offer an assortment of findings concerning the connections between 

measures of gaming behavior during the month (or three months) prior to applying for a credit 

card and credit card default rates during the year after getting the card. Furthermore, we explore 

                                                           
7 A lack of self-control can influence credit card default through mechanisms other than consumption. Rather than 
seeking to identify one particular mechanism, we show that the positive connections among pre-credit card gaming, 
post-credit card changes in luxury purchases and surges in overall consumption, and credit card default are 
consistent with core theories of self-control. 
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how individual consumption patterns change after credit card approval to understand the 

underlying economic channels linking gaming behavior and credit risk. Theories stressing self-

control problems, i.e., deficiencies in willpower and techniques for avoiding myopic temptations 

and impulsive actions, explain our findings. In this regard, our work adds to a growing body of 

research suggesting that behavioral traits are associated with an array of financial and economic 

decisions (e.g., Hirshleifer, 2015; DellaVigna, 2009; D’Acunto, Rossi, and Weber, 2019). Our 

work also contributes to Ameriks, et al. (2007, p.966), who note that “[W]hile models of self-

control problems have proliferated in recent years, there have been few corresponding advances 

in measurement.” They address this gap in the literature by developing an improved survey 

instrument for gauging self-control (though they do not apply it to credit card debt). We 

complement their efforts by using unique, transactions-level data on gaming behavior to construct 

proxies for self-control problems. Although these transaction-level data lack the precision 

associated with the self-control measures in Ameriks, et al. (2007), the gaming data offer sample 

sizes several orders of magnitude greater that we believe complement questionnaire-based 

approaches. 

The remainder of the paper proceeds as follows. Section II provides the data and empirical 

methodology. Section III discusses and reports our results. Section IV concludes. 

 

2. Data and Variable Definitions 

2.1 Data and sample 

A large financial firm in China (henceforth “the firm”) provided us with (1) daily data at 

the individual-level on expenditures on gaming and (2) credit card performance, including 

application dates, approval or rejection decisions, and whether the individual defaults. The firm 

obtained gaming-related information from a leading gaming company in China. The firm also 

provided demographic data, including gender, age, income, education, and marital status, etc.  

For a subset of individuals who use Android systems, the firm provides information on the 

types of games that individuals have installed on their phones and tablets. The firm organizes the 
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data on game Apps into six types of games: Card and Board, Leisure and Puzzle, Action, Sports, 

Strategy, and Role-playing. Thus, we have information on the number of each type of game App 

installed on individuals’ mobile devices; we do not have information on each specific App installed 

on devices. We provide screenshots of the most popular Apps of each game type in the Appendix 

Figure A1. Below, we provide more information about the nature of these game types. 

The firm is a major credit card issuer in China and ranked in the top ten in the Chinese 

credit card industry. The firm provided data on a batch of individuals who applied for a credit card 

during the period from November 2016 through August 2017. We use a subset of this sample, as 

our analyses require that we match the data on each individual’s gaming expenditures before 

applying for the credit card with data on the individual’s credit card payments after receiving the 

card. For each applicant, we observe whether the application is approved or rejected by the firm, 

and if approved, whether the cardholder defaults within 12 months. A default occurs when a 

borrower misses card payments for more than 60 days (with the overdraft amount larger than 300 

RMB).  

Thus, the firm provides us with a novel dataset that combines credit card performance data 

with data on each individual’s daily expenditures on mobile games, data on the number and types 

of game Apps the individuals’ have installed on their devices. We restrict our analyses to 

individuals with at least 30 days of transaction data on gaming before the card application date. 

Our primary sample comprises 82,177 cardholders who applied for and received a credit card from 

February 2017 to August 2017 and includes information on individuals from 325 cities.  
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2.2 Variables 

2.2.1 Gaming measures 

To measures individual gaming behavior, we use data on individual daily game 

expenditures. We begin by constructing six measures of individual gaming behavior that focus on 

the frequency and amount that each individual spends on video games. These measures are based 

on actual payments, not playing time. We compute these measures during the 30 days before the 

individual applies for the credit card, where t = 0 for individuals is the day they apply for the credit 

card. 

Game_dummy is a dummy variable that equals one if the individual paid for 

game-related activities, and zero otherwise. 

log Game_freq equals the logarithm of one plus the cumulative frequency of 

game payments: 

𝑙𝑙𝑙𝑙𝑙𝑙 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺_𝑓𝑓𝑓𝑓𝐺𝐺𝑓𝑓 =  𝑙𝑙𝑙𝑙𝑙𝑙 (1 + � (𝑛𝑛𝑛𝑛𝐺𝐺𝑛𝑛𝐺𝐺𝑓𝑓 𝑙𝑙𝑓𝑓 𝑝𝑝𝐺𝐺𝑝𝑝𝐺𝐺𝐺𝐺𝑛𝑛𝑝𝑝𝑝𝑝 𝑖𝑖𝑛𝑛 𝑝𝑝𝐺𝐺𝑓𝑓𝑖𝑖𝑙𝑙𝑝𝑝𝑡𝑡))
−30

𝑡𝑡=−1

. 

log Game_amt equals the logarithm of one plus the total amount (in RMB) of 

game spending: 

𝑙𝑙𝑙𝑙𝑙𝑙 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺_𝐺𝐺𝐺𝐺𝑝𝑝 = 𝑙𝑙𝑙𝑙𝑙𝑙 ( 1 +  � (𝐺𝐺𝐺𝐺𝑙𝑙𝑛𝑛𝑛𝑛𝑝𝑝 𝑙𝑙𝑓𝑓 𝑝𝑝𝑝𝑝𝐺𝐺𝑛𝑛𝑝𝑝𝑖𝑖𝑛𝑛𝑙𝑙 𝑖𝑖𝑛𝑛 𝑝𝑝𝐺𝐺𝑓𝑓𝑖𝑖𝑙𝑙𝑝𝑝𝑡𝑡)
−30

𝑡𝑡=−1

) 

log Avg. Game_freq equals the logarithm of one plus the average daily frequency 

of gaming payments during non-zero payment days: 

𝑙𝑙𝑙𝑙𝑙𝑙 𝐴𝐴𝐴𝐴𝑙𝑙.𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺_𝑓𝑓𝑓𝑓𝐺𝐺𝑓𝑓 =  𝑙𝑙𝑙𝑙𝑙𝑙 (1 + 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺_𝑓𝑓𝑓𝑓𝐺𝐺𝑓𝑓/𝑁𝑁), where N is the 

number of days the individual spent any money on games.  

log Avg. Game_amt equals the logarithm of one plus the average daily 

expenditures (in RMB) on gaming during non-zero expenditure days: 

𝑙𝑙𝑙𝑙𝑙𝑙 𝐴𝐴𝐴𝐴𝑙𝑙.𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺_𝐺𝐺𝐺𝐺𝑝𝑝 =  𝑙𝑙𝑙𝑙𝑙𝑙 (1 + 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺_𝐺𝐺𝐺𝐺𝑝𝑝 /𝑁𝑁), where N is the 

number of days the individual spent any money on games. 
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log Game_amt/peer_amt equals the logarithm of one plus the ratio of total 

expenditures on gaming to the average expenditures on gaming across 

individuals in the same income group.8 

 

We also differentiate between game expenditures made during the workweek, over 

weekends, on bad weather (exceptionally rainy) days, and on non-bad weather days. We define 

these variables below when we conduct these heterogeneous effects analyses. 

We next measure the volatility of an individual’s payments on games. Since payments are 

made relatively infrequently, we compute these volatility measures over the 30 days or 90 days 

before the individual applies for the credit card and only include non-zero game spending days in 

calculating volatility. 

log Std. (Game_amt/peer_amt) equals the logarithm of one plus the standard 

deviation of the ratio of the individual’s expenditures on gaming to the 

average expenditures on gaming across individuals in the same income 

group during the pre-application period. 

Shifting away from expenditure-based measures, we construct four measures of the number 

of game Apps and the number of different types of game Apps on individuals’ mobile devices. 

These measures of the number and diversity of game-Apps reflect a potential manifestation of self-

control: the degree to which individuals engage in cue and temptation avoidance by choosing not 

to install new games on their mobile devices. Furthermore, compared to game expenditures, these 

game-App installation measures are less likely to be directly influenced by income since it is free 

to download the majority of games. Although only 18% of our sample spent any money on gaming 

during the 30-days prior to applying for the credit card, more than 83% installed at least one game 

                                                           
8 Income is provided in five scales, with 5 corresponding to a range of RMB 12500-24999, 4 RMB 8000-12499, 3 
RMB 5000-7999, 2 RMB 3500-4999, and 1 RMB below 3499. For each bracket, we calculate the average value of 
the upper and lower bound, and use this average value as the income level for all borrowers classified in the range. 
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App on their mobile devices. Thus, including these additional measures into the analyses increases 

the variability of the explanatory variables, though with a drop in the number of observations. 

log # of GameApps equals the logarithm of one plus the total number of game Apps 

installed on the individual’s mobile devices. 

#Game types equals the number of game types (card and board, sports, strategy, 

role-playing, action, and leisure and puzzle).9 The value of this variable 

ranges from 0 to 6. 

log Avg. # of GameApps equals the logarithm of one plus the average number of 

game Apps on the individual’s devices of each of the six game types.  

HHI of GameApps across types is the Herfindahl index of game Apps across the 

six types. Note that this measure is only available for individuals who have 

installed at least one App.  

The firm also provides information on the six types of games installed on each person’s 

mobile devices. Here, we both define the variables that we use in the regression analyses and 

provide information on the nature of the games within each category. 

Card and Board is an indicator that equals one if the individual’s mobile device has 

a card and board type game. The most popular game in China within this 

game type is poker, of which there are several popular game Apps (e.g., 

Texas hold’em). Other frequently installed card games include Dou Dizhu 

and the Legend of Three Kingdoms. Popular board games installed as 

mobile game Apps include mahjong, Chinese chess, and go.  

Leisure and Puzzle is an indicator that equals one if the individual’s mobile device 

has a leisure and puzzle type game App. This type of game focus on logical, 

spatial relations, and conceptual challenges, such as manipulating shapes, 
                                                           
9 These six game types are broadly consistent with other categorizations of video games 
https://en.wikipedia.org/wiki/Video_game_genre. 

https://en.wikipedia.org/wiki/Video_game_genre
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colors, or symbols into specific patterns. Two of the most popular puzzle 

games on mobiles devices in China are Crazy Match and Angry Bird. Many 

puzzle Apps add time-pressure to the games. Although many action games 

include puzzle-solving components, game Apps within the puzzle category 

involve puzzle solving as the primary activity of the game.  

Action is an indicator that equals one if the individual’s mobile device has an action 

type game App. Games within this game type typically include fighting, 

shooting, racing, flying, adventure, etc. Many of the games involve fighting 

with enemies and creating characters to represent the player within the game, 

or engaging competitions using aircrafts, space crafts, and ships, e.g., 

Prince of Persia, Cross Fire, and We Shoot.  

Sports is an indicator that equals one if the individual’s mobile device has a sports 

type game App. Sports-type games usually involve mimicking professional 

athletes playing soccer or basketball, or racing sports cars, e.g., FIFA Online, 

NBA 2K, and Need for Speed.  

Strategy is an indicator that equals one if the individual’s mobile device has a 

strategy type game App. For example, strategy-type games typically 

involve developing and implementing a strategy to accomplish a goal, such 

as winning a war or creating a successful civilization. These games can 

include many players but do not require players to take turns. In one very 

popular game in China, Civilization, players are tasked with leading one of 

earth’s great civilizations from the Stone Age to the future by exploring the 

globe, obtaining the necessary resources, and developing the necessary 

technologies, culture, military, and diplomatic tools to succeed. Other 

popular strategy games are Clash of Clans and Clash of Kings.  
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Role-playing is an indicator that equals one if the individual’s mobile device has a 

role-playing type game App. In Role-playing game, individuals act out the 

role of a main character. The most popular role-playing games in China 

include World of Warcraft, Fantasy Westward Journey, and EverQuest. 

These game-type categorizations are imperfect. Each App has its own unique features and 

may involve activities that could fall into many game types. For example, World of Warcraft is 

categorized as role-playing, but the game also involves strategy, action and the solving of puzzles. 

Although imperfect, the different game types provide some information about the most salient 

features of game Apps, i.e., games categorized as primarily puzzle solving games have notable 

differences from those categorized as primarily action games. 

 

2.2.2 Credit card outcomes 

Our key outcome variable is Default, which equals one if the credit card holder defaults 

within 12 months after the card is approved, and zero otherwise. For each individual over the 12 

month period following the approval of the credit card, we have data on (1) whether the individual 

ever misses a payment for more than 60 days, (2) whether the individual ever misses a payment 

for more than 30 days but less than 60 days, and (3) whether the individual never misses a payment 

for over 30 days. Following the definition commonly employed by the Chinese banking industry, 

we define a credit card default as occurring when the cardholder misses a payment for more than 

60 days, so that Default equals one if the individual ever defaults during the year after the card is 

approved. Although not reported, our results hold when defining default as occurring when the 

individual misses a payment for more than 90 days.  

To evaluate potential mechanisms linking gaming behavior and credit card default, we 

obtain data on each individual’s monthly expenditures and examine other dependent variables 

besides credit card default. Specifically, we examine the increase in aggregate spending and 

spending on luxury items after individuals receive credit cards. If gaming is negatively associated 
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with self-control and self-control shapes consumption decisions, we expect that spending, 

especially spending on luxury items, will increase more among intensive gamers when individuals 

receive credit cards. We define these variables in detail below when conducting the analyses. 

 

2.2.3 Controls 

We control for an assortment of individual characteristics that might be correlated with 

both credit card default and gaming behavior. First, income and wealth could be related to both 

delinquencies on credit card balances and gaming behavior. For example, if income and wealth 

are positively related to game expenditures and negatively related to credit card default, omitting 

income and wealth from the analyses would bias the results against finding a positive connection 

between default and expenditures on games. To address such omitted variable concerns, therefore, 

we control for income by including a series of dummy variables representing categories of income, 

which is how the income data are provided to us. For this vector of income categories, Income, 

the individual dummy variables equal zero except for the category in which the individual’s 

monthly income falls. The five categories of income are between RMB 12500-24999, RMB 8000-

12499, RMB 5000-7999, RMB 3500-4999, and below RMB 3499. We control for wealth by 

including a dummy variable, House property, which equals one if the individual owns housing 

property. Second, several demographic might account for both gaming behavior and credit card 

default. For example, past work suggests that men are both more likely to spend more on video 

games and default on their debts. We control for Gender, which equals one if the individual is 

male, and zero otherwise; log Age, which equals the logarithm of age; Marital status, which 

indicates whether the person is married or single; Education degree, which is a set of dummy 

variables representing the highest degree attained. For the vector Education degree, the entries 

equal zero for each individual except for the category representing the individual’s highest 

education degree.10 In addition, we include (a) city fixed effects based on the residence of each 

                                                           
10 The categories are primary school, junior high school, senior high school, bachelor, and postgraduate and above. 
For both Marital status and Education degree, we include an additional category if the data are missing. 
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individual to account for potential time-invariant local factors and (b) month fixed effects based 

on the calendar month of each card application to account for the potential influences of seasonal 

factors on credit card applications and the types of people applying for credit cards. Our key 

findings are robust to including or excluding these controls.  

Table 1 displays the summary statistics for the demographics. As shown, male credit card 

holders account for 71% of our sample. The average age equals 32. The average income level 

(categorical variable) is 2, representing a monthly salary ranging from RMB 3500-4999, which is 

between US$ 500 and US$ 720 per month. Homeowners account for 17% of the sample. 

 

3. Empirical Results 

3.1 Regression specification 

To evaluate the relationship between gaming behaviors and default probabilities, we 

estimate the following model. 

𝐷𝐷𝐺𝐺𝑓𝑓𝐺𝐺𝑛𝑛𝑙𝑙𝑝𝑝𝑖𝑖 = 𝛼𝛼 + 𝛽𝛽 × 𝐺𝐺𝐺𝐺𝐺𝐺𝑖𝑖𝑛𝑛𝑙𝑙𝑖𝑖 + 𝛾𝛾′𝑿𝑿𝒊𝒊 + 𝜀𝜀𝑖𝑖,                            (1) 

where i indexes individual borrowers, and Default is an indicator of whether an individual defaults 

on credit card payments or not. Our key explanatory variable, Gaming, is one of the gaming-related 

variables measured based on individuals’ gaming behavior defined above. X is a vector of control 

variables, which includes demographics (i.e., Gender, Age, Income, House property, Marital status, 

and Education degree), as well as fixed effects for residential city and the calendar month of 

application. We estimate the model using OLS and logit regressions, with standard errors clustered 

at the city level. When using a logit, we report the marginal effects. 

It is worth emphasizing three features of this regression specification. First, the gaming 

variables, Gaming, measure different elements of individual gaming behavior during the 30 days 

before the individual even applies for the credit card and hence well before the occurrence of any 

payment delinquencies on the credit card. This is different from many survey-based studies of 

personality traits and financial outcomes that use contemporaneous measures of borrowers’ 

responses to both psychological and financial questions. Second, our goal is not to assess the 



17 

 

impact of exogenous variations in gaming expenditures on credit card default rates. Rather, our 

goal is to assess the connections between gaming behavior and credit card default using 

transaction-level data and assess whether theories of self-control provide a sound explanation of 

these connections. Third, although we condition our analyses on geographic and time fixed effects 

and a vector of individual traits, including gender, age, income, homeownership, marital status and 

education, potential omitted variables remain a concern. Thus, we conduct a series of tests to 

address whether alternative explanations besides theories of self-control can fully account for the 

connections between gaming behavior and credit default rates.  

 

3.2 Game expenditures and credit card default: Core results 

We begin by providing the OLS regression results from estimating equation (1) for six 

proxies of gaming behavior that measure different aspects of expenditures on games. In particular, 

for Gaming, we begin by examining the following five measures, all of which are computed over 

the 30 days prior to the person applying for the credit card: (1) an indicator of whether the 

individual spent any money on gaming (Game_dummy), (2) the number of cumulative times the 

individual spent any money on gaming (log Game_freq), (3) the total RMB amount of game 

spending (log Game_amt), (4) the number of times during the average day that the individual spent 

any money on mobile gaming (log Avg. Game_freq), and (5) average daily expenditures on games 

(log Avg. Game_amt), i.e., the amount of money spent on gaming during the average day in which 

there are any expenditures on games. Appendix Table A1 provides detailed variable definition.  

As shown in columns 1 – 5 of Table 2, each of these five proxies for Gaming enters 

positively and significantly at the 1% level. The results hold when conditioning on gender, age, 

marital status, education, income group, whether the individuals is a homeowner or not, as well as 

fixed effects for the city of residence and the month the individual submitted the credit application. 

Individuals who spent more and more frequently on games during the month prior to applying for 

the credit card are significantly more likely to default on debts incurred on the card.  
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The sizes of the estimated relationships between default and the measures of gaming 

behavior are economically meaningful. To assess economic magnitudes, Table 2 provides the 

estimated coefficients from the linear probability regressions. For example, consider the simple 

indicator of whether the individual spent, or did not spend, on games during the 30 days prior to 

applying for the credit card. As shown by the estimated coefficient in column 1, individuals who 

spent money on gaming are on average 5.4 percentage points more likely to default on their credit 

card debts. As a second example, consider the relationship between credit card default and total 

expenditures on games, log Game_amt. The estimates in column 5 suggest that a one-standard-

deviation increase in the 30-day cumulative amount of game spending (1.536) corresponds to a 

2.2 percentage-point (=1.536*0.014) increase in the probability of credit card default. This 

increase in the probability of default equals 17% of the sample mean default rate. 

Although we condition on income in columns 1 – 5 of Table 2, we were concerned that the 

five variables of Gaming might still reflect income and not self-control. Thus, we examine an 

additional variable of Gaming that further accounts for individual income. In similar spirit to 

D’Acunto, Rossi, and Weber (2019), we scale each individual’s total expenditures on games by 

the average spending on games by other individuals in the same income group (log 

Game_amt/peer_amt). That is, we differentiate credit card holders by their game spending relative 

to their income peers.  

As shown in column 6 of Table 2, we find that this additional measure of gaming, log 

Game_amt/peer_amt, is positively associated with the probability of credit card default. These 

findings are consistent with the results reported in columns 1 – 5: greater expenditures on gaming 

are associated with a higher probability of defaulting on credit card payments. The estimated 

coefficients suggest an economically large relation between income-adjusted Gaming and default. 

For example, consider (a) the results on log Game_amt/peer_amt presented in column 6 and (b) 

compare an intense game player whose expenditures on games relative to his/her income peers is 

one standard deviation greater than the sample mean, i.e., log Game_amt/peer_amt is 0.58 greater 

that sample mean, with an otherwise identical person who is an average gamer, i.e., log 
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Game_amt/peer_amt equals the sample mean. The estimates indicate that the intense game player 

is 3.36 percentage points (=0.058*0.58) more likely to default than the average gamer.  

The estimated coefficients on the other regressors in Table 2 are consistent with past 

findings. For example, people in lower income groups are more likely to default than people in the 

highest income group. Coefficients on income group indicators decrease monotonically with the 

income level. The likelihood of missing credit card payments also decreases with education, and 

whether the individual owns a house (which can be an indicator of wealth). As shown in Appendix 

Table A2, the relation between gaming behavior and default is robust to excluding these 

demographic controls from the regressions. 

We next redo the analysis using a logit regression. As shown in Table 3, the positive 

relationship between credit card default and game spending remains statistically significant. The 

estimated economic magnitudes in the OLS and logit are similar, though slightly smaller when 

using the logit estimator. For the remained of the paper, we use the linear probability model but 

the results hold when using logit regressions. Overall, these baseline results suggest a strong, 

positive relationship between the intensity of gaming and the probability of credit card default, 

which is consistent with the predictions of self-control theories. 
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3.3 Gaming and default: Timing and Volatility 

We extend the analyses along four dimensions to draw sharper inferences about the 

association between gaming behavior and credit card delinquency. First, intense gaming during 

the workweek is more likely to involve a substitution into immediate gratification and out of work 

that yields higher returns in the future. This suggests that expenditures on gaming during the 

workweek are a better proxy for self-control than expenditures over the weekend. Under this 

assumption, we should find a stronger relation between credit card default and game payments 

made during workdays than payments made over weekends.  

To test this, we differentiate between game expenditures during workdays and weekends. 

Specifically, we define log Game_amt/peer_amt, workweek as the logarithm of one plus the ratio 

of game expenditures during the workweek to the average game expenditures during the workweek 

across individuals in the same income group. Similarly, we set log Game_amt/peer_amt, weekend 

equal to the logarithm of one plus the ratio of game expenditures over weekends to the average 

game expenditures over weekends across individuals in the same income group. We then re-do the 

analyses while separately assessing the connections credit card default and gaming expenditures 

during the workweek and weekends prior to applying for the card. 

Consistent with the view that gaming during the workweek is more indicative of self-

control challenges than gaming expenditures over weekends, Panel A of Table 4 shows that the 

income-peer-adjusted measures of game expenditures during workdays (log Game_amt/peer_amt, 

workweek) is more strongly related to credit card delinquencies than the measure over weekends 

(log Game_amt/peer_amt, weekend). The difference between game spending during workday and 

weekend is statistically significant whether excluding (column 1) or including (column 2) public 

holidays for the classification of weekends. As shown in column 1, for example, the estimated 

coefficient on log Game_amt/peer_amt, workweek is positive and significant, whereas the 

estimated coefficient on log Game_amt/peer_amt, weekend is insignificant and economically 

small. To the extent that we view expenditures on gaming during the workweek as more tightly 
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connected with self-control than expenditures on the weekend, these results reinforce the view that 

self-control (reflected in one’s gaming behavior) helps account for future credit card default.  

Second, we differentiate game expenditures on bad vs. good weather days. Expenditures 

on video games during bad weather days might simply represent a substitution out of some 

(outdoor) leisure activities into gaming, so that gaming expenditures on bad weather days are less 

indicative of self-control problems and therefore less predictive of credit card default. We obtain 

weather data from the National Oceanic and Atmospheric Administration (NOAA), which 

provides hourly records at the monitor station level. We match the monitor station data from the 

NOAA to the cities of the individuals in our dataset. Almost 60% of our sample of individuals 

lives in cities with monitor stations. To isolate days in which precipitation is highly likely to restrict 

outdoor activities, we classify a day as having bad weather if the 12-hour precipitation total reaches 

30mm or 15mm (following the definition of very heavy rain or heavy rain by the China 

Meteorological Administration). In particular, log Game_amt/peer_amt, rainy day equals the 

logarithm of one plus the ratio of game expenditures during very heavy (or heavy) rain days to the 

average game expenditures during heavy rain days across individuals in the same income group. 

Consistent with the view that gaming during rainy days is less indicative of self-control 

problems than gaming during non-rainy days, we find that game expenditures during bad weather 

days prior to applying for a credit card do not predict credit card default during the year after 

getting the card, while game expenditures on non-rainy days are very strongly and positively 

connected with default after getting the card. More specifically, Table 4 Panel B shows that log 

Game_amt/peer_amt, rainy day enters insignificantly, but log Game_amt/peer_amt, non-rainy day 

enters positively and significantly. Moreover, the difference between game expenditures during 

rainy and non-rainy is statistically significant when using alternative definitions of bad weather 

days. To the extent that expenditures on gaming during the heavily rainy days represent a 

substitution out of one leisure activity into another—and therefore do not reflect underlying self-

control problems—, these results are consistent with the view that self-control helps explain credit 

card default. 
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Third, we differentiate individuals based on whether they are overnight spenders. Another 

manifestation of a lack of self-control could be gaming throughout the night and into the morning. 

While we do not directly observe the exact timing of game expenditures within a day, we do 

observe the total amount of spending overnight (midnight to 6 a.m.) for each individual. That is, 

we calculate and examine log Night spending amount, which equals the logarithm of one plus the 

total amount of expenditures between midnight and 6 a.m. during the month before the individual 

applies for the credit card. This information allows us to examine (a) whether individuals who are 

heavy gamers also tend to be overnight spenders, and (b) whether the association between one’s 

gaming behavior and the default probability of credit card debts is stronger among people who 

make larger overnight purchases.  

Consistent with the self-control view, Panel C of Table 4 suggests that (a) intensive gamers 

tend to make larger overnight purchases, and (b) individuals who are both heavy gamers and heavy 

overnight spenders have especially high credit card default rates. As shown in columns 1 and 2, 

both log Game_amt and log Game_amt/peer_amt enter the regressions of log Night spending 

amount positively and significantly, suggesting that intensive gamers are more likely to be 

overnight spenders. To the extent that a lack of self-control also manifests as heavy spending 

between midnight and 6 a.m., this suggests that our gaming-related measures capture some 

elements of self-control. Columns 3 and 4 report the interaction between intensive gamers and 

overnight spenders. High Night spending is an indicator that equals one if the amount of night 

spending over the 30 days before the individual applies for a credit is above the sample median 

value, and zero otherwise. As reported, the linear terms of game expenditure measure (log 

Game_amt in column 3 or log Game_amt/peer_amt in column 4) and High Night spending enter 

positively and significantly, suggesting that both heavy gamers and overnight spenders tend to 

have high credit risk. Moreover, the interaction of game expenditure and overnight spender also 

enters positively and significantly, implying that individuals who are both heavy gamers and 

overnight spenders tend to have especially high credit card default rates. To illustrate the economic 

size, consider two otherwise identical individuals who spend the same amount of money on gaming, 
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except that one is a heavy overnight spender and the other not. Coefficient estimates from column 

4 indicate that the credit card default probability for the former person would be twice as high as 

the latter one. 

Fourth, theories of self-control further motivate an examination of the volatility of gaming 

expenditures. In particular, some theories explain how people employ pre-commitment devices 

and other strategies to avoid making myopic, impulsive decisions (e.g., Thaler and Shefrin, 1981; 

O’Donoghue and Rabin, 2001; Ariely and Wertenbroch, 2002; DellaVigna and Malmendier, 2004; 

2006). For example, gamers with greater self-control adopt budgeting strategies as self-control 

devices. From this perspective, erratic surges in gaming expenditures would reflect a failure of 

self-imposed budgeting strategies and hence comparatively weak self-control.  

To evaluate the relationship between the volatility of spending on games and credit card 

default, we use the volatility of daily game spending measured over either 30-day or 90-day period 

before the person applies for the credit card. Note that daily volatility measures require an 

individual to have multiple days with non-zero payments. Thus we use a longer time period, which 

contains a larger number of days with non-zero game spending for each individual. We examine 

the standard deviation of the ratio of daily expenditures on gaming to the average expenditures on 

gaming by people in the same income group (log Std. Game_amt/peer_amt). The sample shrinks 

because these volatility measures require multiple days with non-zero game spending.  

Table 5 shows that the volatility of game spending is positively associated with the 

probability of credit card default. The results hold when using either 30-day or 90-day pre-

application period to compute spending volatility. When using the 90-day period in column 1, the 

estimated coefficient suggests that a one-standard-deviation increase in log Std. 

Game_amt/peer_amt is associated with an increase in the probability of credit card default of 1.7 

percentage points (=0.037*0.459), corresponding to 13.5% of the sample mean default rate.11  

                                                           
11 We were concerned that these results on the relationship between the volatility of game spending and credit card 
default could reflect income volatility, as opposed to self-control problems. This is not the case, as the results hold 
when conditioning on income volatility.  
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Taken together, our empirical findings so far suggest that credit card default rates are higher 

among individuals who (a) spend more frequently on games, (b) spend larger amounts on games, 

(c) spend more on games during the workweek and when the weather is comparatively good, (d) 

spend a larger amount overnight, and (e) exhibit greater daily volatility in gaming expenditures. 

Models of self-control are fully consistent with each of these findings. We now push further to 

assess whether theories of self-control can account additional features of the gaming-default nexus. 

 

3.4 Game Apps and credit card default 

Another self-control technique involves avoiding cues or temptations that trigger impulsive 

or addictive behaviors (e.g., Bernheim and Rangel, 2004; Gul and Pesendorfer, 2001). When 

applied to gaming, gamers with greater self-control might engage in cue and temptation avoidance 

by installing fewer game applications (apps) and fewer game types. Thus, we extend our analyses 

to assess the connection between credit card default and the number and diversity of game Apps 

that individuals have installed on their mobile devices.  

We first investigate the degree to which individuals focus on a few games or have a wide 

assortment of game Apps on their mobile devices. To the extent that individuals with weak self-

control are more easily tempted to install new games (i.e., poor at cue management or avoidance), 

we expect individuals with a larger number and more diversified game-Apps have less self-control 

and a higher probability of defaulting on their credit cards holding other things constant. We use 

(a) log # of GameApps, (b) #Game types, (c) log Avg. # of GameApps, and (d) HHI of GameApps 

across types. Although not reported, the correlation between these measures of mobile game-Apps 

and the gaming expenditures is positive, but not very large, suggesting that these game-Apps 

measures do not simply mimic the expenditure measures of gaming.  

Results reported in Table 6 suggest that people who have a larger number and a greater 

variety of game Apps on their mobile devices default more on their credit card debts and that 

people who are less diversified across different types of games default less on their credit card 

debts. As shown in columns 1 – 6, log # of GameApps, #Game types, and log Avg. # of GameApps 
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all enter positively and significantly. To the extent that individuals with weak self-control are 

easily tempted by new games, this further suggests that individuals who lack self-control have 

higher credit risk. Consistent with these findings, columns 7 and 8 show that HHI of GameApps 

enters negatively and significantly, suggesting that gamers with a greater diversity of mobile game 

Apps default more. These results hold when including a basic game-expenditure measure (i.e., log 

Game_amt/peer_amt). In terms of economic magnitudes, the estimates from column 1 indicate 

that a one-standard-deviation increase in log # of GameApps would raise the default probability by 

2.3 percentage points.  

 

3.5 Alternative explanations 

There might be concerns that particular types of gamers, not self-control, drive the 

association between gaming and default. For example, whether an individual plays card and board, 

action, role-playing, or puzzle games might reflect something distinctive about the individual’s 

personality that shapes financial decisions. That is, different games have their own unique features 

that may attract particular types of individuals, with particular personality traits. To mitigate this 

concern, we redid our baseline analysis while sequentially omitting individuals with each type of 

game on their mobile devices. In particular, in column 1 of Table 7, we omit all individuals with 

at least one card and board game on their mobile devises; in column 2, we omit all individuals with 

at least one leisure and puzzle game; and so on across the columns.  

As shown in Table 7, this paper’s results are robust to excluding individuals with each 

particular type of game App installed on their mobile devices. log Game_amt/peer_amt enters 

positively and significantly in all specifications, and the estimated coefficient on log 

Game_amt/peer_amt does not vary much across the different subsamples. These results suggest 

that the connection between gaming and default does not simply reflect a particular type of gamers. 

Rather, these tests are consistent with the view that more intensive gamers, regardless of the type 

of game, tend to be more impulsive and this lack of self-control also manifests in credit markets 

behaviors. 
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There might also be concerns that the results are driven by cross-individual heterogeneity 

in “financial literacy.” For example, some people might be naive about the interest rate on credit 

card debt or their abilities to repay those debts. If there are connections among self-control, gaming, 

and financial literacy, this could contaminate our interpretation of the results. We mitigate this 

concern by repeating the analyses while distinguishing individuals’ by the degree of financial 

literacy. We use two proxies for a person’s financial literacy: whether a person has attended college 

or not; and whether the person works in finance-related occupations or not.  

Table 8 shows that the connection between gaming and credit card default holds across the 

subsamples of individuals’ with different education levels or occupations. The coefficient 

estimates on the gaming behavior measures are positive and statistically significant in all the four 

sub-samples, and do not vary much across the different subsamples. These results suggest that the 

connection between gaming and default is less likely to be driven by heterogeneity in financial 

literacy. 

 

3.6 Gaming behavior and credit approval 

We next examine whether gaming predicts whether individuals’ credit card applications 

are approved. This would suggest that the lender is unable to obtain some of the information 

contained in one’s gaming behavior through other means. If the gaming-related measures do not 

predict credit card approvals, but do predict future defaults on approved credit cards, then this 

suggests that these game measures can offer additional information to the lender. To conduct this 

evaluation, we (a) expand the sample to all applicants and (b) use an indicator of whether a credit 

card application is approved or rejected by the lender as the dependent variable. We use the same 

control variables employed above. 

Results in Table 9 suggest that conventional lenders appear to have failed in obtaining and 

incorporating the information containing in measures of gaming behavior into their approval 

processes. As shown, the basic measures of one’s gaming behavior enter insignificantly, and the 

economic size is trivial. Thus, in contrast to the significant correlation between gaming and default, 
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the correlation between these game variables and credit approval rate is statistically insignificant 

and economically small. In this way, the underlying personality traits captured by one’s gaming 

behavior are not a simply manifestation of factors directly observed by the conventional lender.  

 

3.7 Gaming behavior and luxury, addictive, and impulsive spending 

We next explore one potential mechanism linking individual gaming behavior to credit risk. 

To the extent that our gaming measures capture, at least partially, a person’s ability to use 

willpower and other self-control techniques to avoid temptations and impulsive actions, these 

gaming measures should have predictive power over consumption patterns after individuals 

receive credit cards. Consequently, we examine (a) the increase in spending on luxury items and 

addictive items (such as alcohol and cigarette) during the year after individuals apply for and 

receive a credit card and (b) the increase in total consumption spending immediately after—in the 

first month after—applying for and getting a credit card relative to spending in subsequent months. 

We interpret this immediate spending ratio as gauging “impulse spending.” That is, we examine 

whether a cardholder’s pre-application gaming behavior is associated with changes in the person’s 

post-approval luxury, addictive, and impulse spending.  

To do this, we use another unique database that contains individual’s monthly expenditures. 

For luxury and addictive spending, we focus on each individual’s expenditures on (a) large-amount 

dining, (b) large-amount shopping mall purchases, (c) jewelry, and (d) liquor and cigarette, where 

“large-amount” means spending in a day is above the 95th percentile of spending. For each 

individual, we trace the expenditure on each item from three month before to 12 month after card 

application, [t-3, t+12]. For each cardholder and a particular item, we compute, ∆log(luxury item), 

as the difference between the average monthly spending on the item over three months before the 

card application and the average monthly spending over 12 months after the application. More 

specifically, for individual i who applied for a credit card in month t, we examine ∆log(luxury item) 

for item j as follows: 
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∆log(luxury item 𝑗𝑗)

= ln�1 + 𝐺𝐺𝐴𝐴𝐺𝐺𝑓𝑓𝐺𝐺𝑙𝑙𝐺𝐺 𝐺𝐺𝑙𝑙𝑛𝑛𝑝𝑝ℎ𝑙𝑙𝑝𝑝 𝐺𝐺𝐺𝐺𝑙𝑙𝑛𝑛𝑛𝑛𝑝𝑝 𝑙𝑙𝑛𝑛 𝑙𝑙𝑛𝑛𝑙𝑙𝑛𝑛𝑓𝑓𝑝𝑝 𝑖𝑖𝑝𝑝𝐺𝐺𝐺𝐺 𝑗𝑗 𝑡𝑡+1,𝑡𝑡+12�

− ln�1 + 𝐺𝐺𝐴𝐴𝐺𝐺𝑓𝑓𝐺𝐺𝑙𝑙𝐺𝐺 𝐺𝐺𝑙𝑙𝑛𝑛𝑝𝑝ℎ𝑙𝑙𝑝𝑝 𝐺𝐺𝐺𝐺𝑙𝑙𝑛𝑛𝑛𝑛𝑝𝑝 𝑙𝑙𝑛𝑛 𝑙𝑙𝑛𝑛𝑙𝑙𝑛𝑛𝑓𝑓𝑝𝑝 𝑖𝑖𝑝𝑝𝐺𝐺𝐺𝐺 𝑗𝑗 𝑡𝑡−3,𝑡𝑡−1�. 

 

For impulse spending, we compute the difference between the amount of expenditures over 

the first month after applying for a card and the average monthly spending over the 12 months 

after the application. Thus, our measure of impulse spending captures the surge in spending 

immediately after getting the card. For individual i who applied for a credit card in month t,  

 

 ∆log(Impulsive spending) 

= ln(1+𝐺𝐺𝑙𝑙𝑛𝑛𝑝𝑝ℎ𝑙𝑙𝑝𝑝 𝐺𝐺𝐺𝐺𝑙𝑙𝑛𝑛𝑛𝑛𝑝𝑝 𝑙𝑙𝑓𝑓 𝑐𝑐𝑙𝑙𝑛𝑛𝑝𝑝𝑛𝑛𝐺𝐺𝑝𝑝𝑝𝑝𝑖𝑖𝑙𝑙𝑛𝑛𝑝𝑝+1)−ln(1+𝐺𝐺𝐴𝐴𝐺𝐺𝑓𝑓𝐺𝐺𝑙𝑙𝐺𝐺 

𝐺𝐺𝑙𝑙𝑛𝑛𝑝𝑝ℎ𝑙𝑙𝑝𝑝 𝐺𝐺𝐺𝐺𝑙𝑙𝑛𝑛𝑛𝑛𝑝𝑝 𝑐𝑐𝑙𝑙𝑛𝑛𝑝𝑝𝑛𝑛𝐺𝐺𝑝𝑝𝑝𝑝𝑖𝑖𝑙𝑙𝑛𝑛𝑝𝑝+1,𝑝𝑝+12) 

 

We find that after getting access to extra credit, more intense gamers (1) increase spending 

more on luxury items, (2) boost expenditures more on addictive goods, and (3) engage in more 

impulsive spending—more intense spending immediately after getting a credit card. As shown in 

Table 10, log Game_amt/peer_amt enters positively and significantly in all specifications. These 

findings are consistent with the view that intensive gaming reflects a lack of self-control and that 

boosts consumer credit risk. 
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4. Conclusions  

Exploiting a unique dataset that contains information on individuals’ gaming behavior, 

credit card applications, credit card payment performance, and monthly consumption, we (1) 

construct measures of individual gaming behavior before applying for a credit card, and (2) 

evaluate the relation between subsequent credit card default rates and the pre-application gaming 

behavior.  

We find that the intensity of a debtor’s game playing—where gaming intensity is measured 

by the frequency and amount of game expenditures, the volatility of gaming, and the number and 

diversity of game-Apps installed on one’s mobile devices—is strongly, positively associated with 

future default probabilities. These results are: stronger for gaming during the workweek relative 

to gaming during weekends; more pronounced for gaming expenditures during comparatively 

good weather days; and among overnight spenders. Differences in financial literacy or preferences 

for particular game types do not drive the results. Furthermore, we show that the measures of 

gaming are positively associated with post-application purchases of luxury and addictive items, 

and surges in consumption immediately after receiving credit cards. In addition, gaming does not 

predict whether credit card companies approve applications, suggesting that credit-scoring models 

might not include all information contained in gaming behavior. Taken together, our findings are 

consistent with the view that the intensity of gaming reflects a lack of self-control that increases 

the likelihood of credit card default.  
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Table 1 Summary Statistics 

  N Mean SD 
Default 82270 0.126 0.332 
Game expenditure measures 

Game_dummy 82270 0.183 0.387 
log Game_freq 82270 0.236 0.607 
log Game_amt 82270 0.652 1.536 
log Avg. Game_freq 82270 0.154 0.345 
log Avg. Game_amt 82270 0.546 1.259 
log Game_AMT/Peer_amt 82270 0.062 0.281 
log Game_amt/peer_amt, workday 82270 0.053 0.257 
log Game_amt/peer_amt, weekend 82270 0.034 0.206 

      Among game payers only 
log Game_freq 15078 1.290 0.805 
log Game_amt 15078 3.556 1.596 
log Avg. Game_freq 15078 0.839 0.275 
log Avg. Game_amt 15078 2.978 1.184 
log Game_AMT/Peer_amt 15078 0.341 0.581 
log Game_amt/peer_amt, workday 15078 0.287 0.541 
log Game_amt/peer_amt, weekend 15078 0.188 0.450 
log Std. Game_amt/peer_amt 9920 0.307 0.458 

Game Apps measures 
log # of GameApps 41975 2.162 1.260 
#Game types 41975 2.249 1.625 
log Avg. # of GameApps 41975 1.533 0.833 
HHI of GameApps across types 35117 0.577 0.266 

Other expenditure measures 
log Night spending amount 81636 3.254 3.157 
∆log(Large-amount Dining) 82084 1.076 2.040 
∆log(Large-amount Shopping) 82084 0.332 1.418 
∆log(Jewelry) 82084 0.162 0.900 
∆log(Alcohol and Cigarette)  82084 0.360 1.085 
∆log(Impulsive spending) 82157 -0.695 1.374 

Demographic controls 
log Age 82270 3.469 0.223 
Gender (male) 82270 0.716 0.451 
Income 82270 2.105 0.867 
House property 82270 0.173 0.378 
Education degree 82270 1.527 1.753 
Marital status 82270 1.411 0.889 
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Table 2 Gaming and default rates, baseline results 

This table reports the estimation results of default rates on individual gaming behavior. The dependent variable is an indicator that equals one if the individual 
defaults on his/her credit card, and zero otherwise. The key explanatory variables are seven game-based self-control measures, namely Game_dummy, log Avg. 
Game_freq, log Game_freq, log Avg. Game_amt, log Game_amt, and log Game_amt/peer_amt, all measured using daily expenditure during the 30 days before a 
person applies for a credit card. We include Demographic controls (gender, age, marital status, education degree, income group, house property), and city and 
month of application fixed effects in all specifications. We estimate the model using OLS, with the standard errors clustered at the city level and reported in 
parentheses. *, **, and *** indicate significance at 10%, 5%, and 1%. 

 Default or not 
  Frequency Amount 

 (1) (2) (3) (4) (5) (6) 
Game_dummy 0.054***      

 (0.003)      
log Avg. Game_freq  0.071***     

  (0.004)     
log Game_freq   0.040***    

   (0.003)    
log Avg. Game_amt    0.016***   

    (0.001)   
log Game_amt     0.014***  

     (0.001)  

log Game_amt/peer_amt      0.058*** 
      (0.006) 
Income (=2) -0.024*** -0.024*** -0.024*** -0.024*** -0.024*** -0.024*** 
 (0.004) (0.004) (0.004) (0.004) (0.004) (0.004) 
Income (=3) -0.054*** -0.054*** -0.053*** -0.054*** -0.054*** -0.054*** 
 (0.003) (0.003) (0.003) (0.003) (0.003) (0.003) 
Income (=4) -0.071*** -0.071*** -0.071*** -0.071*** -0.071*** -0.071*** 
 (0.007) (0.007) (0.007) (0.007) (0.007) (0.007) 
Income (=5 highest level) -0.100*** -0.099*** -0.099*** -0.100*** -0.100*** -0.100*** 
 (0.011) (0.011) (0.011) (0.011) (0.011) (0.011) 
House property -0.072*** -0.072*** -0.072*** -0.073*** -0.073*** -0.073*** 
 (0.003) (0.003) (0.003) (0.003) (0.003) (0.003) 
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Education (=Primary) -0.013** -0.013** -0.013** -0.013** -0.013** -0.013** 
 (0.006) (0.006) (0.006) (0.006) (0.006) (0.006) 
Education (=Junior high school) -0.014* -0.014* -0.013* -0.014* -0.014* -0.013* 
 (0.007) (0.007) (0.007) (0.007) (0.007) (0.007) 
Education (=Senior high school) -0.038*** -0.037*** -0.037*** -0.037*** -0.038*** -0.037*** 
 (0.003) (0.003) (0.003) (0.003) (0.003) (0.003) 
Education (=Undergraduate) -0.049*** -0.049*** -0.049*** -0.049*** -0.049*** -0.049*** 
 (0.003) (0.003) (0.003) (0.003) (0.003) (0.003) 
Education (=Postgraduate & above) -0.052*** -0.052*** -0.052*** -0.052*** -0.052*** -0.053*** 
 (0.006) (0.006) (0.006) (0.006) (0.006) (0.006) 
City & Month fixed effects Yes Yes Yes Yes Yes Yes 
Age, Gender, Marital status Yes Yes Yes Yes Yes Yes 
Observations 82,270 82,270 82,270 82,270 82,270 82,270 
# city 325 325 325 325 325 325 
R-squared 0.045 0.046 0.046 0.044 0.045 0.043 
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Table 3 Gaming and default rates, Logit model 

This table reports the estimation results of default rates on individual gaming behavior, which are similar to Table 2 while estimating the model using Logit. The 
dependent variable is an indicator that equals one if the individual defaults on his/her credit card, and zero otherwise. The key explanatory variables are seven 
game-based self-control measures, namely Game_dummy, log Avg. Game_freq, log Game_freq, log Avg. Game_amt, log Game_amt, and log Game_amt/peer_amt, 
all measured using daily expenditure during the 30 days before a person applies for a credit card. We include Demographic controls (gender, age, marital status, 
education degree, income group, house property), and city and month of application fixed effects in all specifications. We estimate the model using Logit and report 
the marginal effects in all columns. Standard errors are clustered at the city level and reported in parentheses. *, **, and *** indicate significance at 10%, 5%, and 
1%. 

 Default or not 
  Frequency Amount 
 (1) (2) (3) (4) (5) (6) 
Game_dummy 0.048***      
 (0.003)      
log Avg. Game_freq  0.058***     
  (0.003)     
log Game_freq   0.031***    
   (0.002)    
log Avg. Game_amt    0.014***   
    (0.001)   
log Game_amt     0.012***  
     (0.001)  
log Game_amt/peer_amt      0.041*** 
      (0.004) 
City & Month fixed effects Yes Yes Yes Yes Yes Yes 
Demographic controls Yes Yes Yes Yes Yes Yes 
Observations 82,270 82,270 82,270 82,270 82,270 82,270 
# city 325 325 325 325 325 325 
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Table 4 Gaming and default rates, timing of spending 

This table reports the estimation results of default rates on individual gaming behavior, while differentiating game 
expenditures during workdays vs. weekends (Panel A), during rainy vs. non-rainy days (Panel B), and individuals 
who made expenditures during late night (midnight to 6AM) (Panel C). The key explanatory variables in Panel A log 
Game_amt/peer_amt, is defined the same as above, except that we separate expenditures by whether they occurred 
during workdays or weekends. Similarly, the key explanatory variables in Panel B separates expenditures by whether 
they occurred during very rainy days or days when it does not rain very heavily. The dependent variable in Panel C is 
the log total amount of expenditures during late night (columns 1-2), and an indicator that equals one if the individual 
defaults on his/her credit card, and zero otherwise (columns 3-4). High Night spending is a dummy variable that equals 
one if the amount of night spending is above the sample median value, and zero otherwise. We include Demographic 
controls (gender, age, marital status, education degree, income group, house property), and city and month of 
application fixed effects in all specifications. Standard errors are clustered at the city level and reported in parentheses. 
*, **, and *** indicate significance at 10%, 5%, and 1%.  

Panel A: Workday vs. Weekends 
  Default or not 

 
Weekend:  

Saturday & Sunday 
Weekend: Saturday & 

Sunday & public holidays 
  (1) (2) 
log Game_amt/peer_amt, workweek 0.057*** 0.054*** 
 (0.009) (0.009) 
log Game_amt/peer_amt, weekend 0.010 0.014 
 (0.010) (0.010) 
City & Month fixed effects Yes Yes 
Demographic controls Yes Yes 
F-statistic (β_workweek-β_weekend=0) 7.63*** 5.35** 
Prob > chi2 (0.0061) (0.0213) 
Observations 82,270 82,270 
# city 325 325 

  
Panel B: Rainy vs. Non-rainy days  
 Default or not 
 12h-precipitation 

>=30mm 
12h-precipitation 

>=15mm 
 (1) (2) 
log Game_amt/peer_amt, rainy day -0.003 0.014 
 (0.034) (0.017) 
log Game_amt/peer_amt, non-rainy day 0.072*** 0.070*** 
 (0.014) (0.014) 
City & Month fixed effects Yes Yes 
Demographic controls Yes Yes 
F-statistic (β_rainy-β_nonrainy=0) 3.30* 5.03** 
Prob > chi2 (0.0710) (0.0263) 
Observations 46,054 46,054 
# city 163 163 
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Panel C: Night (midnight to 6 a.m.) spending   
log Night 

spending amount Default or not 

  (1) (2) (3) (4) 
log Game_amt 0.244***  0.008***  

 (0.010)  (0.001)  
log Game_amt/peer_amt  1.171***  0.028*** 
  (0.049)  (0.009) 
High Night spending   0.055*** 0.059*** 
   (0.003) (0.003) 
log Game_amt* 
   High Night spending 

  0.006***  

   (0.002)  
log Game_amt/peer_amt* 
   High Night spending 

   0.024** 

    (0.010) 
City & Month fixed effects Yes Yes Yes Yes 
Demographic controls Yes Yes Yes Yes 
Observations 81,636 81,636 81,636 81,636 
# city 325 325 325 325 
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Table 5 The volatility of game spending and default rates 

This table reports the estimation results of default rates on the volatility of individual daily gaming expenditures. The 
dependent variable is an indicator that equals one if the individual defaults on his/her credit card, and zero otherwise. 
The key explanatory variables log Std. Game_amt/peer_amt, measures the volatility of game expenditures during 90 
days (or 30 days) before an individual applies for a credit card. Thus, we require an individual to have multiple days 
with non-zero game expenditures in all columns. We include Demographic controls (gender, age, marital status, 
education degree, income group, house property), and city and month of application fixed effects in all specifications. 
Standard errors are clustered at the city level and reported in parentheses. *, **, and *** indicate significance at 10%, 
5%, and 1%.   

 Default or not 
 Pre-90 days Pre-30 days 
 Conditional on multiple-day game payment 
 (1) (2) 
log Std. Game_amt/peer_amt 0.037*** 0.039*** 
 (0.009) (0.010) 
City & Month fixed effects Yes Yes 
Demographic controls Yes Yes 
Observations 9,920 6,950 
# city 303 288 

 
 
  



39 

 

Table 6 The number and diversity of game-apps, game spending, and default rates 

This table reports the estimation results of default rates on individual game-Apps usage. We use a subsample that includes individuals using Android system and 
with APPs information available. The dependent variable is an indicator that equals one if the individual defaults on his/her credit card, and zero otherwise. The 
key explanatory variables are Log # of GameApps, #Game types, log Avg. # of GameApps, and HHI of GameApps across types. We include Demographic controls 
(gender, age, marital status, education degree, income group, house property), and city and month of application fixed effects in all specifications. Standard errors 
are clustered at the city level and reported in parentheses. *, **, and *** indicate significance at 10%, 5%, and 1%. 

  Default or not 
  (1) (2) (3) (4) (5) (6) (7) (8) 
log # of GameApps 0.018*** 0.017***       

 (0.001) (0.001)       

#Game types   0.014*** 0.013***     

 
  (0.001) (0.001)     

log Avg. # of GameApps     0.023*** 0.021***   

 
    (0.002) (0.002)   

HHI of GameApps across types       -0.056*** -0.052*** 

       (0.006) (0.006) 
log Game_amt/peer_amt  0.055***  0.055***  0.057***  0.056*** 
  (0.008)  (0.008)  (0.007)  (0.008) 
City & Month fixed effects Yes Yes Yes Yes Yes Yes Yes Yes 
Demographic controls Yes Yes Yes Yes Yes Yes Yes Yes 
Observations 41,975 41,975 41,975 41,975 41,975 41,975 35,117 35,117 
# city 322 322 322 322 322 322 322 322 
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Table 7 Gaming and default rates, removing people with a particular game type 

This table reports the estimation results that are similar to Table 2 while removing people that have a particular type 
of game apps on their devices. For example, in column 1, we re-do the baseline analyses while eliminating people 
with a card & board game app. Other variables are defined the same as above. We include Demographic controls 
(gender, age, marital status, education degree, income group, house property), and city and month of application fixed 
effects in all specifications. Standard errors are clustered at the city level and reported in parentheses. *, **, and *** 
indicate significance at 10%, 5%, and 1%. 

 Default or not 

 Excluding individuals with the following types of games on their devices: 

 Card and 
Board 

Leisure 
and Puzzle Strategy Role-

playing Sports Action 

  (1) (2) (3) (4) (5) (6) 

log Game_amt/peer_amt 0.061*** 0.065*** 0.066*** 0.073*** 0.065*** 0.069*** 

 (0.013) (0.013) (0.009) (0.008) (0.008) (0.010) 
City & Month fixed effects Yes Yes Yes Yes Yes Yes 
Demographic controls Yes Yes Yes Yes Yes Yes 

Observations 16,836 13,803 33,256 36,685 32,102 24,713 

# city 306 300 320 322 322 314 
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Table 8 Gaming and default rates, differentiate by education and finance occupation 

This table reports the estimation results that are similar to Table 2, while differentiating individuals by education and 
finance occupation. We use the degree of education, and whether a person’s occupation is related to finance to proxy 
for the person’s financial literacy. Other variables are defined the same as above. We include Demographic controls 
(gender, age, marital status, education degree, income group, house property), and city and month of application fixed 
effects in all specifications. Standard errors are clustered at the city level and reported in parentheses. *, **, and *** 
indicate significance at 10%, 5%, and 1%. 

 Default or not  
college or  

above 
high school or 

below 
finance-related 

occupation 
other  

occupation 
  (1) (2) (3) (4) 
log Game_amt/peer_amt 0.0586*** 0.0576*** 0.0604*** 0.0488*** 
 (5.454) (6.459) (4.782) (6.872) 
City & Month fixed effects Yes Yes Yes Yes 
Demographic controls Yes Yes Yes Yes 
Observations 16,707 22,223 10,750 42,371 
# city 308 314 281 320 
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Table 9 Gaming behavior and credit card approval 

This table reports the estimation results of credit approval outcomes on individual gaming behavior. The dependent 
variable is an indicator that equals one if an individual application of credit card is approved and zero otherwise. Other 
variables are defined the same as above. We include Demographic controls (gender, age, marital status, education 
degree, income group, house property), and city and month of application fixed effects in all specifications. Standard 
errors are clustered at the city level and reported in parentheses. *, **, and *** indicate significance at 10%, 5%, and 
1%.  

 Credit card application approved or rejected 
 (1) (2) 
log Game_amt/peer_amt -0.003  
 (0.003)  
log # of GameApps  -0.000 
  (0.001) 
City & Month fixed effects Yes Yes 
Demographic controls Yes Yes 
Observations 88,811 46,363 
# city 325 322 
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Table 10 Gaming behavior and luxury, addictive, and impulsive consumption 

This table reports the estimation results of luxury spending or impulsive spending on gaming behaviour. The 
dependent variable in columns 1-4 is the log difference between the monthly amount of spending on a luxury item 
over three months before the card application, and 12 months after the application. For dining and shopping, we define 
large-amount spending if the total amount of expenditures is above the 95th percentile. The dependent variable in 
column 5 is the log difference between total consumption over the first months after the card application, and total 
consumption over 12 months after the application. Other variables are defined the same as above. We include 
Demographic controls (gender, age, marital status, education degree, income group, house property), and city and 
month of application fixed effects in all specifications. Standard errors are clustered at the city level and reported in 
parentheses. *, **, and *** indicate significance at 10%, 5%, and 1%.  

 Luxury spending 
Impulsive 

consumption  
Large-
amount 
Dining 

Large-
amount 

Shopping 
Jewelry 

Alcohol 
and 

Cigarette 
 (1) (2) (3) (4) (5) 
log Game_amt/peer_amt 0.127*** 0.043** 0.027*** 0.053*** 0.227*** 
 (0.029) (0.019) (0.010) (0.014) (0.015) 
City & Month fixed effects Yes Yes Yes Yes Yes 
Demographic controls Yes Yes Yes Yes Yes 
Observations 82,084 82,084 82,084 82,084 82,157 
# city 325 325 325 325 325 
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Appendix 

Table A1 Variable definitions 

Variable Definition 
Gaming measures 

 

Game_dummy A dummy variable that equals one if the individual paid for game-related activities, and zero otherwise. 

log Game_freq Log of one plus the cumulative frequency of game payments: 𝑙𝑙𝑙𝑙𝑙𝑙 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺_𝑓𝑓𝑓𝑓𝐺𝐺𝑓𝑓 =  𝑙𝑙𝑙𝑙𝑙𝑙 (1 +
∑ (𝑛𝑛𝑛𝑛𝐺𝐺𝑛𝑛𝐺𝐺𝑓𝑓 𝑙𝑙𝑓𝑓 𝑝𝑝𝐺𝐺𝑝𝑝𝐺𝐺𝐺𝐺𝑛𝑛𝑝𝑝𝑝𝑝 𝑖𝑖𝑛𝑛 𝑝𝑝𝐺𝐺𝑓𝑓𝑖𝑖𝑙𝑙𝑝𝑝𝑡𝑡))−30
𝑡𝑡=−1 , where t denotes the day an individual applies for the credit 

card. 

log Game_amt Log of one plus the total amount (in RMB) of game spending: 𝑙𝑙𝑙𝑙𝑙𝑙 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺_𝐺𝐺𝐺𝐺𝑝𝑝 = 𝑙𝑙𝑙𝑙𝑙𝑙 ( 1 +
 ∑ (𝐺𝐺𝐺𝐺𝑙𝑙𝑛𝑛𝑛𝑛𝑝𝑝 𝑙𝑙𝑓𝑓 𝑝𝑝𝑝𝑝𝐺𝐺𝑛𝑛𝑝𝑝𝑖𝑖𝑛𝑛𝑙𝑙 𝑖𝑖𝑛𝑛 𝑝𝑝𝐺𝐺𝑓𝑓𝑖𝑖𝑙𝑙𝑝𝑝𝑡𝑡)−30

𝑡𝑡=−1 ), where t denotes the day an individual applies for the credit 
card. 

log Avg. Game_freq Log of one plus the average daily frequency of gaming payments during non-zero payment days: 
𝑙𝑙𝑙𝑙𝑙𝑙 𝐴𝐴𝐴𝐴𝑙𝑙.𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺_𝑓𝑓𝑓𝑓𝐺𝐺𝑓𝑓 =  𝑙𝑙𝑙𝑙𝑙𝑙 (1 + 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺_𝑓𝑓𝑓𝑓𝐺𝐺𝑓𝑓/𝑁𝑁), where N is the number of days the individual spent any 
money on games. 

log Avg. Game_amt Log of one plus the average daily expenditures (in RMB) on gaming during non-zero expenditure days: 
𝑙𝑙𝑙𝑙𝑙𝑙 𝐴𝐴𝐴𝐴𝑙𝑙.𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺_𝐺𝐺𝐺𝐺𝑝𝑝 =  𝑙𝑙𝑙𝑙𝑙𝑙 (1 + 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺_𝐺𝐺𝐺𝐺𝑝𝑝 /𝑁𝑁), where N is the number of days the individual spent any 
money on games. 

log Game_amt/peer_amt Log of one plus the ratio of total expenditures on gaming to the average expenditures on gaming across 
individuals in the same income group. Income is provided in five scales, with 5 corresponding to a range of 
RMB 12500-24999, 4 RMB 8000-12499, 3 RMB 5000-7999, 2 RMB 3500-4999, and 1 RMB below 3499. 

log Game_amt/peer_amt, workweek Log of one plus the ratio of game expenditures during the workweek to the average game expenditures during 
the workweek across individuals in the same income group. 

log Game_amt/peer_amt, weekend Log of one plus the ratio of game expenditures over weekends to the average game expenditures over 
weekends across individuals in the same income group. 

log Std. (Game_amt/peer_amt) Log of one plus the standard deviation of the ratio of the individual’s expenditures on gaming to the average 
expenditures on gaming across individuals in the same income group. 

log # of GameApps Log of one plus the total number of game Apps installed on the individual’s mobile devices. 
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#Game types The number of game types (card and board, sports, strategy, role-playing, action, and leisure and puzzle).  
The value of this variable ranges from 0 to 6. 

log Avg. # of GameApps Log of one plus the average number of game Apps on the individual’s devices of each of the six game types. 

HHI of GameApps across types The Herfindahl index of game Apps across the six types (card and board, sports, strategy, role-playing, action, 
and leisure and puzzle). This measure is only available for individuals who have installed at least one App. 

Credit card outcomes and Demographic controls 
Default An indicator that equals one if the credit card holder defaults within 12 months after the card is approved, 

and zero otherwise.  

Credit approval An indicator that equals one if an individual application of credit card is approved and zero otherwise. 

Income A set of individual dummy variables representing the category in which the individual’s monthly income 
falls. The five categories of income are between RMB 12500-24999, RMB 8000-12499, RMB 5000-7999, 
RMB 3500-4999, and below RMB 3499. 

House property An indicator that equals one if the individual owns housing property, and zero otherwise. 

Gender An indicator that equals one if the individual is male, and zero otherwise. 

log Age Log of an individual's age 

Marital status An indicator of whether the person is married or single 

Education degree A set of dummy variables representing the highest degree attained. For the vector Education degree, the 
entries equal zero for each individual except for the category representing the individual’s highest education 
degree. The categories are primary school, junior high school, senior high school, bachelor, and postgraduate 
and above. 

Other expenditure-related measures 
 

log Night spending amount Log of one plus the total amount of expenditures between midnight and 6 a.m. during the month before the 
individual applies for the credit card. 

∆log(Large amount dining) Log difference between the average monthly spending on large-amount dining over three months before the 
card application and the average monthly spending over 12 months after the application, where large-amount 
means spending in a day is above the 95th percentile of spending.  

∆log(Large amount shopping) Log difference between the average monthly spending on large-amount shopping over three months before 
the card application and the average monthly spending over 12 months after the application, where large-
amount means spending in a day is above the 95th percentile of spending. 
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∆log(Jewelry) Log difference between the average monthly spending on jewelry over three months before the card 
application and the average monthly spending over 12 months after the application. 

∆log(Alcohol and Cigarette) Log difference between the average monthly spending on alcohol and cigarette over three months before the 
card application and the average monthly spending over 12 months after the application. 

∆log(Impulsive consumption) Log difference between the amount of expenditures over the first month after applying for a card and the 
average monthly spending over the 12 months after the application. 
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Table A2 Gaming and default rates, baseline results without demographic controls 

This table reports the OLS results of default rates on individual gaming behavior without controlling for demographic 
characteristics. The dependent variable is an indicator that equals one if the individual defaults on his/her credit card, 
and zero otherwise. The key explanatory variables are seven game-based self-control measures, namely Game_dummy, 
log Avg. Game_freq, log Game_freq, log Avg. Game_amt, log Game_amt, and log Game_amt/peer_amt, all measured 
using daily expenditure during the 30 days before a person applies for a credit card. We include city and month of 
application fixed effects in all specifications. Standard errors clustered at the city level are reported in parentheses. *, 
**, and *** indicate significance at 10%, 5%, and 1%. 

  Default or not 
  Frequency Amount 
  (1) (2) (3) (4) (5) (6) 
Game_dummy 0.061***      
 (0.003)      
log Avg. Game_freq  0.079***     
  (0.005)     
log Game_freq   0.046***    
   (0.003)    
log Avg. Game_amt    0.018***   
    (0.001)   
log Game_amt     0.016***  
     (0.001)  
log Game_amt/peer_amt      0.066*** 
      (0.006) 
City & Month fixed effects Yes Yes Yes Yes Yes Yes 
Demographic controls No No No No No No 
Observations 82,270 82,270 82,270 82,270 82,270 82,270 
# city 325 325 325 325 325 325 
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Figure A1. Screenshots of popular game Apps in China 

 

        
Dou Dizhu      Crazy Match          Clash of Clans  
 

      
Prince of Persia    NBA 2K        World of Warcraft 

 
 
 


