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A B S T R A C T   

This study explores the effects of trust on individuals’ access to the peer-to-peer (P2P) lending 
market. We use data collected from the P2P lending market and the China General Social Survey 
and find that borrowers from cities with high trust have high borrowing success rates, thereby 
indicating that lenders prefer high social trust. Results in the successful sample indicate that 
borrowers with high regional trust also receive low loan costs and large loan amounts. Regression 
of trust and default proves that borrowers from cities with high social trust have minimal default 
rates, which may be the channel of our conclusion. Results remain unchanged when using slope 
and river length as instrumental variables. This research further shows that personal heteroge-
neity, including income level, whether borrowers work in state-owned enterprises or state 
agencies, and whether the fund is used for development purposes, affects the impact of social 
trust. In addition, the conclusions continue to be robust after replacing the explanatory variable, 
control variable, and sample. Finally, this study determines that fairness plays a consistent role 
with trust, but happiness plays an opposite role.   

1. Introduction 

Social trust, as a part of social capital, plays an important role in the economy, particularly the private economy (Allen et al., 2005; 
Ang et al., 2015). Trust also affects other components of the economy, such as the financial market. Information asymmetry in the 
financial market will increase transaction costs and reduce efficiency. Trust improves the efficiency of the financial market because it 
reduces information asymmetry as social capital. The existing literature has shown that trust plays certain roles in the corporate credit 
market (Moro and Fink, 2013), stock market (Li et al., 2017), and bond market (Meng and Yin, 2019). Chen et al. (2016) indicate that 
traditional banks would provide numerous loan opportunities to non-state-owned enterprises (NSOEs) from high trust cities, with low 
loan interest rates and large amounts. Jiang et al. (2020) also find that trust may affect social bias in the peer-to-peer (P2P) lending 
market. Nonetheless, only a few studies on the personal loan market have been conducted. 

In the past, personal borrowing market information was difficult to obtain due to privacy protection. The development of financial 
technology (fintech) has allowed individual borrowers to use P2P lending as a new borrowing channel, which can also represent the 
personal credit market. The electronic-transaction modus of P2P lending platforms enables us to easily obtain data, and thus, the 
modus is very suitable for studying individual decision making in a lending relationship (Wang et al., 2021), thereby enhancing the 
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possibility of finding the different relationships between lenders and borrowers with varying social trust levels. 
This study investigates whether lenders prefer borrowers from high social trust cities by the historical data of a P2P lending 

company from the perspective of loans. P2P lending is a new channel in which borrowers could directly obtain funds from lenders 
through fintech. Compared with traditional bank lending, P2P lending uses the Internet as a medium between borrowers and lenders, 
thereby reducing the intermediate information gap between them. From the Internet, lenders know where their money goes and how it 
would be used. However, the requirements for lenders have also increased because they are responsible for the loans in P2P lending. To 
avoid losses, lenders exert their best effort to identify borrowers’ default risks and find the best choices to fund. The current research on 
P2P lending mainly focuses on the discrimination and default risk in the loan market, mostly based on hard and soft information. Some 
studies have found that lenders are sensitive to the geographical information of borrowers, which is manifested as local bias (Jiang 
et al., 2020; Lin and Viswanathan, 2016) or regional discrimination (Wang et al., 2021). 

Fig. 1 shows the geographical distribution of the average success rate, interest rate, loan amount, and default rate for the different 
provinces in China. Evidently, these aspects are significantly different among the different provinces, and the certain consistency may 
be the result of market selection under the effect of trust. 

How does social trust affect the popularity of borrowers in the P2P lending market? Lenders do not know the borrowers, causing 
information asymmetry in P2P lending. Lenders can only try to identify the borrower’s credit risk through limited information that is 
offered by the P2P lending platform. Jiang et al. (2020) find that lenders of Renrendai, one of the oldest and largest nationwide P2P 
lending platforms in China, have significant local bias, meaning that the information of the borrower’s location has a certain meaning 
for lenders’ investment choices. Previous studies show that companies in high-trust areas have lower financing constraints (Chen et al., 
2016; Moro and Fink, 2013). Can borrowers in high-trust regions also have a higher probability of funding money in P2P lending? 
Wang et al. (2021) find that regional information matters for borrowers’ funding probabilities in P2P lending. We speculate that 
lenders may judge whether borrowers are trustworthy based on the regional information provided by them. Specifically, lenders have a 
superficial impression of the borrower’s region, potentially affecting their willingness to invest, and this impression is determined by 

Fig. 1. Average success rate, interest rate, loan amount, and default rate. 
Data sources: Renrendai. 
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the local trust level. As a result, lenders prefer borrowers in areas with high levels of trust. 
This paper mainly studies the following question: whether trust affects the lender’s preference in the personal borrowing market. 

We believe that studying the relationship between social trust and lender behavior could help to better understand the regional 
discrimination in the personal lending market. Such an investigation also helps to understand the reasons for unbalanced financial 
development in China from the perspective of transaction formation. We start the work by analyzing the borrowing success rates of 
borrowers in cities with different levels of trust. We find that borrowers from cities with high trust have high borrowing success rates, 
and the difference between the highest and lowest social trust cities is 10.44% of the average success rate. Through the analysis of 
successful samples, we find that lenders are willing to lend money with low interest rates and large amounts to borrowers from high 
social trust cities. The differences in interest rate and loan amount between the highest and lowest social trust cities are 1.591% and 
35.7%, respectively, of the average loan interest rate and loan amount. Given that trust is highly correlated with default, we estimate 
that low default may be the possible channel of our results. We analyze the relationship between social trust and default and find that 
borrowers from areas with high trust also have low default rates. The results show that the gap between the highest and lowest city is 
363.16% of the average default rate, meaning that the preference for high-trust regions is profit-oriented. Our results remain un-
changed when using slope and river length as instrumental variables. 

Second, we find the effects of social trust on borrowers’ success rates, interest rates, and loan amounts when considering the income 
of borrowers, whether they work in state-owned enterprises (SOEs) or state agencies, and whether funds are used for development 
purpose affect the impact of social trust. 

Third, we consider that borrowers from high-trust cities receive large loan amounts, and the low interest rates may be due to high 
amounts and low interest rates provided by the platforms or due to the borrowers’ own reasons. Accordingly, we regress the full 
sample. However, the interest rates that platforms offer do not exhibit the phenomenon of borrowers from high social trust having low 
interest rates. Although the coefficient is also positive for the regressions of trust and loan amount, the value is considerably lower than 
the baseline regressions. Both results support the idea that lenders’ decisions make borrowers from high social trust cities have low 
interest rates and high loan amounts. 

Given that trust is also highly correlated with the local economy, we orthogonalize the trust index by the logarithm of GDP and use 
it as a proxy of social trust. The result remains significant after using the orthogonalized trust. We also use the average value of the 
other questions from the China General Social Survey (CGSS, the earliest national, comprehensive, and continuous academic survey 
project in China) about trust level as a proxy variable for trust. The result remains robust. Control variable and fixed effect substitutions 
do not change our conclusion as well. 

Finally, we doubt that other social emotions may also affect investors’ preferences. Therefore, we place a sense of fairness and 
happiness into the regression to replace trust. The results show that fairness plays a consistent role with trust, but happiness plays an 
opposite role. Evidently, social fairness can guarantee equal opportunities for local individuals and happiness may lead to a hedonistic 
society. Given these aforementioned borrowing objectives, we are convinced that the market has a strong preference for investors with 
superior development prospects. Therefore, this aspect may also be the direction of our next research. 

Our contributions are as follows. First, we contribute to the literature related to P2P lending. Specifically, we put forward a novel 
potential soft information indicator and provide new insight into the regional analysis of P2P lending. In the P2P lending market, soft 
information including borrowers’ photos (Ravina et al., 2008; Gonzalez and Loureiro, 2014), description of their purposes in 
borrowing (Serrano-Cinca et al., 2015), and reputation (Brown and Zehnder, 2007; Sakai et al., 2010) are widely used to control the 
credit risk. Our paper proves that social trust is also one of the soft information that helps lenders avoid credit risk and obtain better 
expected rates of return. We also provide additional empirical evidence about regional analysis on P2P lending. 

Second, we expand the literature on trust and investors’ financial decisions and borrowers’ financing constraints. The previous 
literature has found that banks’ decisions to offer financing loans depend on the trust level of private firms’ cities (Chen et al., 2016; 
Howorth and Moro, 2012; Moro and Fink, 2013). However, only a few studies have been conducted on the personal financing market. 
Although Jiang et al. (2020) find that social trust may affect the local bias of lenders, their main content is on local bias and focus on the 
effect of regional social trust of lenders. Our study argues that trust itself matters for borrowers. We are convinced that trust would 
affect their access to P2P finance, as proven by our results. 

Third, we provide further explanations for regional discrimination in online transactions. Some scholars have proved that regional 
discrimination also exists in online transactions (Wang et al., 2021) and most of them believe that the discrimination is due to eco-
nomic factors. We further prove that the discrimination could also be led by informal institutions (i.e. social trust level). 

The remainder of our paper is organized as follows. Section 2 reviews the related literature on trust and P2P lending. Section 3 
introduces the data, variables, and methodology used in this research. Section 4 presents the empirical results, endogenous problems, 
and robustness checks. Section 5 provides the conclusion of this study. 

2. Literature review 

2.1. Trust 

Coleman (1994) defines trust as “a person’s willingness to hand over resources to another party in anticipation of a successful act of 
trust, even though the latter has no legal commitment.” Trust is a risky action but also a simplified mechanism that reduces the 
complexity of social life and interactions (Luhmann, 1979). Trust is also an important lubricant of economic exchange (Arrow et al. 
1973) and is considered the core content of a type of social capital (Fukuyama, 1996; Guiso et al., 2008) that could reduce information 
asymmetry. Societies with high levels of trust have low transaction costs and people are likely to cooperate, thereby leading to high 
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levels of investment, economic growth, and income for the state. Trust affects not only economic growth (La Porta et al., 1997; Ahmad 
and Hall, 2017) but also influences per capita income (Dincer and Uslaner, 2010), social investment, social output (Zak and Knack, 
2001), and even inter-regional financial integration (Ekinci et al., 2007). 

At the micro level, social trust can affect the financial market, such as investment decisions (Bottazzi et al., 2016), stock price crash 
risk (Li et al., 2017), and the creation and construction of transactions (Bengtsson and Hsu, 2010). Ng et al. (2015) explain the effect of 
different stock market developments on macro performance by introducing trust. Social trust also improves corporate finance by 
decreasing interest on corporate bonds (Meng and Yin, 2019), lowering IPO underpricing (Li et al., 2019), and affecting other aspects 
of loans. Given that the loan is the most flexible channel to obtain funds, most related studies have focused on trust and loans. High 
trust level has been proven to be associated with low interest rates (Howorth and Moro, 2012), high credit amounts, low credit 
constrained (Moro and Fink, 2013), superior negotiation quality (Hirsch et al., 2018), and minimal negative effects of economic policy 
uncertainty on the provision of trade credit (Liu and Dong, 2020). Although sufficient research on trust and the financial market has 
been conducted, the majority of the related studies have focused on loans between corporations and banks. To date, minimal research 
has concentrated on the effect of trust on individual lending behavior. 

2.2. P2P lending market 

Does trust affect the personal financial market? Arrow et al. (1973) explain that “virtually every commercial transaction has within 
itself an element of trust,” and the function of trust in economic decisions has been recognized by many economists. Personal lending is 
an important component of the financial market and should also be influenced by trust. However, although some companies disclose 
their financial situation, obtaining personal lending data is difficult because of the personal privacy protection of financial institutions. 
In other words, personal lending market data are difficult to obtain. To solve the data problem, we turn to other institutions apart from 
banks. Tang (2019) is convinced that P2P lending compensates for the shortcomings of traditional banking for small loan amounts and 
has replaced banks for infra-marginal bank borrowers. Details of P2P lending loans have been posted on the Internet, resulting in the 
availability of data. 

Similar to other online transactions, the most basic problem of P2P online lending is information asymmetry between borrowers 
and lenders, thereby leading to a series of trust and risk control crises (Greiner and Wang, 2010). Therefore, reducing information 
asymmetry is the key problem that should be solved in the P2P online lending market. To solve this problem, many online lending 
platforms have established credit systems that contain “hard” and “soft” information (Stein, 2002). Numerous empirical studies in P2P 
online lending have focused on the analysis of the hard and soft information factors of borrowers on the impact of loan results. Some 
scholars pay attention to studying the influence of two types of information on credit risk, namely default situation (Serrano-Cinca 
et al., 2015). Discrimination in the fintech era has also attracted the attention of scholars (Bartlett et al., 2021). Even unbiased artificial 
intelligence may lead to algorithmic bias (Fu et al., 2020), not to mention lenders with limited information. Hard information refers to 
personal information disclosed in a standardized form, including the order of the fundamental information (Puro et al., 2010; Baklouti, 
2013; Emekter et al., 2015), credit rating (Collier and Hampshire, 2010), age of the borrowers (Barasinska and Schäfer, 2010), ed-
ucation (Barbi and Mattioli, 2019), gender (Chen et al., 2017; Chen et al., 2020; Roslan and Karim, 2009), race (Bartlett et al., 2021; 
Pope and Sydnor, 2011), marital status (Valkanov and Kleimeier, 2007), property (Greiner and Wang, 2010), relative repayment 
amount (Chen et al., 2021), and borrowers’ comprehensive information disclosure (Michels, 2012). By contrast, soft information refers 
to personal information that is not standardized. Moreover, borrowers’ photos (Ravina et al., 2008; Gonzalez and Loureiro, 2014), 
description of their purposes in borrowing (Serrano-Cinca et al., 2015), the use of phones or mobile devices (Lu et al., 2019; Ma et al., 
2018), social media information (Ge et al., 2017), and reputation (Brown and Zehnder, 2007; Sakai et al., 2010) have been proven to 
affect lending results or discrimination. In addition, special factors like special collection actions play a role, and whether the due date 
is a holiday also matters (Zhang et al., 2017). Ferrara (2003) argues that informal investors and financial institutions often determine 
borrowers’ credit risks through their social capital; hence, their social capital plays an important role in the loan market. Klafft (2008), 
Lin et al. (2009b), and Freedman et al. (2010) empirically confirm that lending process rules are similar to those used in the traditional 
banking system. Moreover, social capital contributes to P2P lending. 

Numerous previous studies on P2P online lending have proven that borrowers’ social capital has a positive effect on lending results. 
Herzenstein et al. (2008) use Prosper data to measure the characteristics of borrowers’ personal credit backgrounds and effort levels 
and demonstrate that these factors affect the success rate of loans. Herrero-Lopez (2009) further evaluates the effect of P2P online 
social capital on the online loan market and suggests that the probability of borrowers obtaining loans increases twice after joining the 
“trusted group.” Moreover, social capital affects interest rates (Everett, 2015) and loan results. Lin et al. (2009a) conclude that social 
capital as a soft information resource can relatively reduce the risk brought by information asymmetry. Friendship is also an important 
factor affecting loan outcomes (including loan constraints and credit risk) in P2P lending (Lin et al., 2013; Liu et al., 2015). As a core 
content of social capital, trust can also be classified as soft information for in-depth study. 

Our paper is distinct from previous literature in the following three aspects. First, we extend the literature about social trust. 
Although numerous studies have proven that social trust helps companies get loans with low interest rates (Howorth and Moro, 2012), 
high credit amounts, and low credit constraints (Moro and Fink, 2013), few scholars focus on how social trust affect personal credit 
market. To supplement the existing literature, this research studies the effects of trust on the individual financial market by analyzing 
the P2P lending market. 

Second, compared with literature that focuses on borrowers’ hard and soft information, we find new soft information (i.e. social 
trust) with which lenders may be concerned. Studies have found that the location of the borrower matters in the lending market. For 
example, home bias is very common in the P2P market. Previous studies have shown that home bias exists in Prosper in the United 
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States and Renrendai in China (Jiang et al., 2020; Lin and Viswanathan, 2016). Moreover, only address information also matters. Wang 
et al. (2021) find that investors in Renrendai have different preferences for borrowers in different regions, and such discrimination may 
be profit-or taste-oriented. However, no research has been conducted to combine regional discrimination with regional trust. Our work 
helps extends the literature and is helpful to further understand the role of social capital in P2P lending and the root causes of 
discrimination in the P2P lending market, especially regional discrimination. 

Finally, we also have some improvements in terms of approach. The majority of the studies on trust have focused on the effects on a 
single side of the loan market. By contrast, the P2P lending literature has facilitated our improved understanding of the personal 
lending market. Given that the behaviors of both borrowers and lenders in the P2P lending market can be observed, the influence of 
trust on the behaviors of both parties can be studied not only from the preferences of lenders but also from the default situation of 
borrowers. Accordingly, borrowers’ behavior could be observed, and the decisions of lenders can also be recognized as a success rate of 
borrowers. To consider both aspects, we proxy borrowers’ behavior and lenders’ attitude using loan amount and success rate, 
respectively. In addition, we consider the potential endogeneity, election issues, and dynamic correlations in our paper, lending 
persuasiveness to our work. 

3. Methodology, variables, data, and descriptive statistics 

3.1. Methodology 

If lenders prefer borrowers with high social trust, then the latter from high social trust cities would have a high probability of being 
fully funded. We use Successi,t to measure whether borrowers’ application is successfully funded. Accordingly, we use the following 
model: 

Successi,t = α0 + α1Trusti +
∑K

k=2
αkControli,t + εp + τt + εi,t (1)  

where Successi,t is the dummy variable equal to 1 if borrower i receives funding in month t. Trusti donates the social trust of borrowers’ 
cities; Controli,t represents the loan information, personal information, and local macroeconomic variables we control. We also control 
for the fixed effects of province and month. εi,t is the error term. The robust standard deviation is clustered by borrowers in this 
research. 

To estimate whether lenders are considerably generous to borrowers with high social trust, the cost and amount of loans are also 
considered. The models are as follows: 

Interesti,t = β0 + β1Trusti +
∑K

k=2
βkControli,t + εp + τt + εi,t (2)  

Amounti,t = θ0 + θ1Trusti +
∑K

k=2
θkControli,t + εp + τt + εi,t (3)  

where Interesti,t and Amounti,t are the interest rate and amount, respectively, of borrower i in month t. Personal information and local 
macroeconomic variables include gender, work experience, marital status, education, age, income, GDP per capita, dummy of pro-
vincial capital, and distance to the provincial capital. The loan information in Models (1) and (2) are payment monthly and loan term, 
respectively. 

3.2. Variables 

3.2.1. Dependent Variable 

3.2.1.1. Trust. Trust is a vital emotion for individuals. In the 2015 CGSS questionnaire, several questions focus on the local aggregate 
social trust. The main variable (i.e., trust) we use in the benchmark regression is from question A33 (Do you agree that most people in 
society can be trusted?). The answers use a five-point scale, in which 1 means “highly disagree” and 5 means “highly agree” with this 
opinion. We summarize the feedback to question A33 by city level to construct a proxy variable for the social trust level. 

3.2.2. Independent Variables 

3.2.2.1. Lender Decision (Success Rate). Cities with high local aggregate social trust may provide strong impressions to lenders from 
other cities, thereby leading to local borrowers’ high success rate in P2P lending. We specifically measure success rate by individual 
success. 

3.2.2.2. Loan Amount. The higher the amount that lenders are willing to lend to borrowers, the more generous the former to the latter. 
We use the P2P loan amount to further prove that borrowers are considerably generous to lenders with high trust. 
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3.2.2.3. Interest Rate. We intend to find out if borrowers in high social trust cities are better treated and could borrow money with low 
interest rates. Thus, we use interest rate as an independent variable. The interest rate we use is the return of lenders instead of the 
actual cost that borrowers pay. 

3.2.2.4. Default Rate. Default rate may be highly associated with social trust because a sense of trust is formed by continuous 
compliance behavior in society. Thus, we also consider default rate, which is measured by individual success, as an independent 
variable. 

3.2.3. Control Variables 

3.2.3.1. Borrowers’ Characteristics. Previous research has indicated that borrowers’ characteristics are important when studying P2P 
lending (Lin et al., 2017). We control for gender, work experience, marital status, education, age, and income level in our regressions. 
We assign a value of 0 to male borrowers and 1 to female borrowers. Marital status has four options: “unmarried,” “divorced,” 
“widowed,” and “married.” We assign a value of 1 to married borrowers and 0 to other borrowers. Education level is a scale value, and 
borrowers with “high school or lower” education take a value of 1; “college education” or “junior college,” 2; “undergraduate degree,” 
3; and “graduate degree or above,” 4. The age variable could be obtained directly from the website. Work experience and income level 
are offered in groups. Table 1 shows how we assign values for these variables. 

3.2.3.2. Regional Macro Environment. Borrowers from different cities are in varying regional macro environments, thereby possibly 
affecting borrowers’ financial behavior. As a result, lenders may prefer borrowers from high-income regions. Social trust also may be 
correlated with regional income. The economic situation and geographical locations of different regions are controlled for in the 
regression to avoid potential omitted variables bias. Specifically, we control for the GDP per and add the dummy of provincial capital 
and distance to the provincial capital in the regressions. 

3.2.3.3. Bidding Information. Loan term has a positive impact on loan interest rates. Hence, we control for loan term when studying 
loan interest rates. Bidding information matters to the success rate and default. For example, lenders would reconsider whether to 
invest when loans would be late for a long time or the return is lower than what lenders had expected. Loans with large amounts mean 
they need additional lenders, thereby leading to low success rates. To control for the effect of loan term, interest rates, and amount, we 
control for monthly payments calculated by the three variables. 

3.2.3.4. Fixed Effects. We control for the province fixed effects to determine the geographical location and regional development 
differences in all regressions. Months are also considered a time fixed effect in all regressions. 

3.3. Data 

The P2P transaction data are from Renrendai. Renrendai’s major business is operated exclusively online; hence, lenders only know 
borrowers’ information from data provided by the platform (Jiang et al., 2020). 

The following application process applies to borrowers of Renrendai. Potential borrower applies for an account using a mobile 
phone number and provides some basic information thereafter. Borrowers initiate an application with loan information, including loan 

Table 1 
Variables Definition  

Type Variable Definition 

Personal Success A dummy variable that takes the value of one if the borrower successfully borrows and zero otherwise 
Financial Interest Interest rate 

Market 
Lamount Loan amount 
Default A dummy variable that takes the value of one if the borrower successfully borrows and zero otherwise 

Trust Level Trust Local aggregate social trust 

Borrower’s 
Characteristics 

Gender A dummy variable that takes the value of one for female borrowers and zero for male borrowers 

Worktime Work experience. The value of it is assigned by the group: 0 for no working experience; 1 for <1 year; 2 for 1-3 years; 4 
for 3-5 years; 5 for >5 years 

Mar Marital status. A dummy variable that takes the value of one if the borrower is married and zero otherwise 
Edu Education level 
Age Age 

L_income 
The logarithm of monthly income. The value of monthly income is assigned by the group: 1000 for <1000 yuan; 1500 for 
1001-2000 yuan; 3500 for 2000-5000 yuan; 7500 for 5000-10000 yuan; 15000 for 10000-20000 yuan; 50000 for 
>50000 yuan 

Bidding Information Term Loan duration 
Lppay The logarithm of amount that the borrower needs to repay in a single term 

Regional Macro 
Environment 

L_gdppc The nature logarithm of GDP per capita 
Pcaptial A dummy variable that takes the value of one if the borrower lives in a provincial capital and zero otherwise 
Dtpc Distance to provincial capital thousand kilometers  
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amount and term. After uploading the necessary application materials according to the system instructions, the application process 
enters the formal review stage, and the staff of Renrendai will eventually contact the borrowers. Once the application completes the 
formal review stage, Renrendai would offer a specific borrowing amount and interest rate and the bidding starts thereafter. The 
borrowing amount offered is based on the qualification review and may not be the same as the one provided in the application period. 
After the bid has been fully funded, borrowers could retrieve the money from a Minsheng Bank account. 

Users can apply for loans or invest with the same user account. Lenders could invest in several types of production, including 
individual loans. In the personal loan section, lenders could see the detailed desensitization information of borrowers, loans, and 
bidding records, among others. Investors could also choose a reasonable bidding and offer funds ranging from CNY 100 to the total loan 
amount. The investment will be completed after the loan is fully funded, and investors would receive payment from borrowers 
monthly. 

Our P2P data include the basic information of bidding, borrowers’ profiles, and loan repayment process. Given that the proportion 
of transactions conducted by individuals to the total transactions has been declining, we only use Renrendai data from 2013 to 2016. 

Trust data are from CGSS1 . We included the specific questions and answers involved in this study in Table A1 in the Appendix A. 
We combine two databases and obtain 234,965 historical loan records across 80 cities between 2013 and 2016 to analyze lenders’ 

attitudes toward borrowers with different levels of social trust at the loan level. 

3.4. Descriptive Statistics 

Table 2 shows the summary statistics of the variables used in our models. Panel A presents the variables in Model (1). The success 
rate of our sample is 44.8%, while the average trust is 3.448. Female borrowers comprise 22.1% of all borrowers. On average, the 
borrowers have 2.686 years of work experience, with an annual income of CNY 12,145.275, and are 35.879 years old. A total of 54.9% 
of the borrowers are married, the average education level is 1.062, and the average monthly payment is 4,313.362. A total of 68.6% of 
the sample in panel A are from the provincial capital and the average GDP per capita is CNY 79,085.414. The average distance to the 
provincial capital is 0.075 million kilometers. 

Panel B shows the summary statistics of the variables in Models (2) to (4), and only in the successful sample. The average amount 
and interest rate of loans is 11.189% and CNY 74,801.497, respectively, while 0.6% of the loans defaulted. The average trust is 3.453. 
Female borrowers comprise 31.2% of all borrowers. On average, borrowers are 38.883 years old, have 2.743 years work experience, 

Table 2 
Summary Statistics   

Mean SD Min Max N 

Panel A      
success 0.448 0.497 0 1 234965 
trust 3.448 0.139 3.140 3.781 234965 
gender 0.221 0.415 0 1 234965 
workt 2.686 1.550 0 5 234965 
mar 0.549 0.498 0 1 234965 
edu 1.062 0.782 0 3 234965 
age 35.879 7.940 18 74 234965 
inc 12145.275 12374.678 1000 50000 234965 
ppay 4313.362 9536.250 101.082 346754.688 234965 
pcgdp 79085.414 32400.545 11933 143638 234965 
pcaptial 0.686 0.464 0 1 234965 
dt 0.075 0.159 0 1.923 234965 
Panel B      
interest 11.189 1.397 8 24 105346 
amount 74801.497 46160.566 3000 468000 105346 
baddebt 0.006 0.077 0 1 105346 
trust 3.453 0.138 3.140 3.781 105346 
gender 0.312 0.463 0 1 105346 
workt 2.743 1.705 0 5 105346 
mar 0.656 0.475 0 1 105346 
edu 1.224 0.720 0 3 105346 
age 38.883 8.669 22 66 105346 
inc 13789.067 12970.043 1000 50000 105346 
term 31.996 7.845 3 48 105346 
ppay 2741.505 1666.130 142.625 101671.273 105346 
pcgdp 84990.004 29746.408 12480 143638 105346 
pcaptial 0.808 0.394 0 1 105346 
dt 0.044 0.109 0 1.923 105346  

1 2015 version. 
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and with an annual income of CNY 13,789.067. A total of 65.6% are married and the average education level is 1.224. The average 
monthly payment is 2,741.505 and the average term is 31.996. Furthermore, 80.8% of the sample in panel B are from the provincial 
capital and the average GDP per capita is CNY 84,990.004. The average distance to the provincial capital is 0.044 million kilometers. 

4. Empirical Results 

4.1. Success Rate 

Trust may be beneficial when borrowers who apply for loans are in high trust cities. We use Model (1) to examine whether lenders 
prefer borrowers from high trust level cities. The results are presented in Table 3. 

The first column of Table 3 shows the regression results between social trust and the success dummy. The coefficient is significantly 
positive at the 1% level, indicating a positive correlation between social trust and success rate. Given that the characteristics of 
borrowers and loans also affect the success rate, we further add some personal characteristics and loan information as control variables 
in column (2), resulting in a slight decrease in the coefficient. 

In addition to personal characteristics and loan information, we also add the natural logarithm of GDP per capita, dummy of 
provincial capital, and distance to the provincial capital as control variables in column (3) to control the effect of the macro economy. 
Nevertheless, the coefficient remains significantly positive at the 1% level. The financial development of the different provinces may be 
distinct and the macro economy is not the same in varying times. Hence, we further control for the fixed effects of province and month. 
After adding the fixed effects of province and month, the coefficient in column (4) decreases slightly but remains significantly positive 
at the 1% level. Therefore, the higher the social trust level, the higher the success rate of borrowers. We use the results in column (4) as 
the baseline regressions of social trust and lending behavior. The coefficient of trust is 0.073. In other words, when the social trust of 
borrowers increases from lowest (3.140) to highest (3.781), the success rate would increase 4.679% (i.e. 7.3% × (3.781 − 3.40), which 
is 10.44% of the unconditional average success rate (44.8%). 

4.2. Loan Cost and Amount 

The loan cost and amount of borrowers in the successful sample reflect the degree of the generosity of lenders to borrowers. If 
lenders provide loans to borrowers with low interest rates and large amounts, then it indicates that the former prefer the latter. 
Therefore, we use loan interest rate and loan amount as the dependent variables and trust as the independent variable, which are 
designed as Models (2) and (3), respectively. 

Table 3 
Benchmark Regression: Success   

(1) (2) (3) (4)  
success success success success 

trust 0.123*** 0.117*** 0.341*** 0.073***  
(0.010) (0.009) (0.008) (0.010) 

gender  0.196*** 0.181*** 0.058***   
(0.003) (0.003) (0.002) 

workt  − 0.018*** − 0.009*** − 0.066***   
(0.001) (0.001) (0.001) 

mar  0.098*** 0.114*** 0.074***   
(0.003) (0.002) (0.002) 

edu  0.116*** 0.093*** 0.032***   
(0.002) (0.002) (0.001) 

age  0.019*** 0.019*** 0.014***   
(0.000) (0.000) (0.000) 

linc  0.086*** 0.066*** 0.030***   
(0.002) (0.002) (0.001) 

lppay  − 0.112*** − 0.105*** − 0.050***   
(0.001) (0.001) (0.001) 

lpcgdp   0.103*** 0.114***    
(0.003) (0.004) 

pcaptial   0.155*** 0.113***    
(0.003) (0.005) 

dt   − 0.048*** 0.237***    
(0.008) (0.015) 

N 234965 234965 234965 234965 
r2 0.001 0.226 0.270 0.647 

Note: This table presents the impact of trust on borrowers’ success rate. The dependent and independent variables are success rate dummy and trust, 
respectively. Columns (1) to (4) present the result (1) without control variables, (2) with personal and loan level attributes, (3) with city charac-
teristics, and (4) with province and month fixed effects (4). The definitions of the variables are provided in Table 1. Standard errors of estimates are 
clustered by borrowers and reported in parentheses. ***, **, and * indicate the 1%, 5%, and 10% significance levels, respectively. 
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Model (2) is designed to examine the relationship between social trust and loan cost, and the result is shown in column (1) of 
Table 4. Evidently, interest rate is negatively correlated with social trust, meaning that borrowers from cities with high trust could pay 
minimal loan costs. The coefficient − 0.278 means that borrowers from cities with the highest social trust (3.781) would pay 0.1781 
((3.781 − 3.140) × − 0.278) less interest rate than borrowers from cities with the lowest social trust (3.140), which is 1.591% (0.178 ÷
11.189) less than the unconditional average interest rate in the successful sample (11.189). 

The result of Model (3) is provided in column (2) of Table 4. We control for personal characteristics and macroeconomic variables. 
Given that the amount may be the first aspect that borrowers should decide on, we no longer add any loan information in the 
regression. The coefficients show a positive effect of social trust on the loan amount. In other words, investors tend to loan more money 
to borrowers in high social trust cities. When the social trust of borrowers increases from lowest (3.140) to highest (3.781), the loan 
amount would increase by 35.7% ((3.781 − 3.140) × 0.557). 

The results in columns (1) and (2) mean that not only the borrowers with higher social trust could have higher success rates to 
borrow money successfully, they could also spend less cost and obtain larger investment amounts. This finding indicates that the 
investors in the P2P marker prefer borrowers in higher trust cities. 

4.3. Channel Analysis 

The previous section discussed that investors in the P2P marker prefer borrowers from high trust cities, but the reason for such 
preferences should be investigated. Chen et al. (2016) believe that a low likelihood of default and high financial reporting quality are 
the channels why social trust promotes bank finance to NSOEs in China. We use the default dummy to examine whether the likelihood 
of default plays a role in the relationship between social trust and the P2P lending market as bank loan financing. The model is 
designed as follows: 

Defaulti,t = φ0 + φ1Trusti +
∑K

k=2
φkControli,t + εi + τt + εi,t (4)  

where Defaulti,t is the default dummy of borrower i in month t, and the other variables are precisely the same as in Model (1). the result 
of Model (4) is provided in column (3) in Table 4. 

Table 4 
Benchmark Regression: Other aspects   

(1) (2) (3)  
interest lamount baddebt 

trust − 0.278*** 0.557*** − 0.034***  
(0.059) (0.042) (0.009) 

gender − 0.028*** 0.100*** − 0.002***  
(0.003) (0.004) (0.000) 

workt 0.017*** 0.012*** 0.005***  
(0.002) (0.002) (0.000) 

mar − 0.029*** 0.077*** − 0.003***  
(0.004) (0.004) (0.001) 

edu − 0.008*** 0.121*** − 0.002***  
(0.003) (0.003) (0.000) 

age − 0.004*** 0.014*** − 0.000***  
(0.000) (0.000) (0.000) 

linc − 0.032*** 0.161*** 0.004***  
(0.002) (0.002) (0.000) 

term 0.047***    
(0.001)   

lpcgdp − 0.269*** 0.338*** − 0.041***  
(0.031) (0.021) (0.005) 

pcaptial 0.036 − 0.030 0.001  
(0.030) (0.022) (0.005) 

dt − 0.033 − 0.056 − 0.005  
(0.130) (0.090) (0.022) 

lppay   − 0.012***    
(0.001) 

Province fixed effect YES YES YES 
Month fixed effect YES YES YES 
N 105346 105346 105346 
r2 0.880 0.252 0.052 

Note: This table shows the impact of trust on borrowers’ loan cost, loan amount, and default in columns (1) to (3), respectively. The 
independent variable is trust. The definitions of the variables are presented in Table 1. All regressions control the fixed effects of 
province and month. Standard errors of estimates are clustered by borrowers and reported in parentheses. ***, **, and * indicate 
the 1%, 5%, and 10% significance levels, respectively. 
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The coefficient of trust in Column (3) is − 0.034, which is significantly better than 1%. This result suggests that borrowers from high 
social trust provinces are less likely to default on their loans. In other words, borrowers may be the channel of the impact of trust that 
promotes P2P loan financing. We find a 2.179% (− 0.034 × (3.781 − 3.140)) lower possibility for borrowers in cities with the highest 
social trust than those with the lowest social trust, which is 363.16% (0.02179 ÷ 0.006) of the unconditional average default rate. 

4.4. Accounting for Endogeneity 

The results presented in the previous sections show that social trust is significantly associated with an increase in success rate and 
loan amount, and a decrease in loan cost and default rate. However, endogenous problems may result from unobservable variables, 
measurement errors, or reverse causality. For example, regions with high levels of economic development have a strong sense of social 
trust with one another, thereby leading to the endogeneity of our results. Thus, we collect some potential instrumental variables for 
trust to address the endogenous problems. 

Some studies have used dialect and ethnic diversity as an instrumental variable (Ang et al., 2015; Chen et al., 2016; Li et al., 2019). 
However, research has considered the potential for endogenous problems for dialect diversity (Bian et al., 2019). Some geographic 
variables are used as instruments for culture-related variables, such as terrain (Bian et al., 2019), which we believe can be continuously 
used in our study. 

The geographic variable may be used as instrumental variables for two reasons. First, geographic variables are naturally formed 
and barely change in a century, meaning that they would not directly affect individuals’ financial decisions or personal financial 

Table 5 
F Statistic of the Potential Instruments for Trust   

Dependent variable  

Success Interest Lamount Default 

Slope 4.250 864.110 860.220 858.610 
River length 22.061 967.759 973.493 971.843 

Note: This table presents the Kleibergen-Paap rk Wald F statistic of the potential instruments for trust. The independent variable is trust. The 
dependent variables include the dummy variable success, loan interest rate, natural logarithm of the loan amount, and default dummy. Slope and 
river length are the potential instruments for trust, but we only use one of these instruments at a time. A strong instrument should have an F value 
above 10. Thus, we use river length while the dependent variables are success, slope, and river length, while the dependent variables are interest, loan 
amount, and default. We control for gender, work experience, marital status, education, age, logarithm of income, logarithm of payment monthly, 
natural logarithm of GDP per capita, dummy of provincial capital, and distance to the provincial capital in columns (1) to (4). We also control for the 
log of payment monthly in columns (1) and (4) and loan duration in column (2). The fixed effects of province and month are also included in the 
estimations. The definitions of the variables are reported in Table 1. 

Table 6 
Endogeneity Problems   

(1) (2) (3) (4) 

The second stage Success Interest Lamount Default 
TRUST 2.1005*** − 0.2204* 0.7243*** − 0.0460**  

(0.4631) (0.1198) (0.0913) (0. 0221) 
Control variables Yes Yes Yes Yes 
Year&Quarter fixed effect Yes Yes Yes Yes 
Province fixed effect Yes Yes Yes Yes 
The first stage Trust Trust Trust Trust 
Slope / 0.1345*** 0.1342*** 0.1338 ***  

/ (0.0081) (0.0081) (0.0081) 
River length 0.0023*** 0.0161*** 0.0161*** 0.0161***  

(0.0005) (0.0007) (0.0007) (0.0007) 
Kleibergen-Paap rk LM statistic 25.900*** 1926.537*** 1917.202*** 1915.822*** 
Kleibergen-Paap rk Wald F statistic 22.061 769.788 766.814 765.189 
Hansen J statistic 0.000 0.442(0.5060) 0.037(0.8483) 0.591(0.4418) 
No. of observations 234965 105346 105346 105346 

Note: This table presents the impact of trust on the P2P market, while adding the slope and river length as instrumental variables to address 
endogeneity. The independent variable is trust. The dependent variables are the dummy variable success, loan interest rate, natural logarithm of loan 
amount, and dummy of default in columns (1) to (4), respectively. Slope and river length are the potential instruments for trust. The instrumental 
variables are chosen by the F statistic in Table 5, following Arin et al. (2011). We use river length when the dependent variables are success, slope, and 
river length, while the dependent variables are interest, loan amount, and default. We control gender, work experience, marital status, education, age, 
logarithm of income, logarithm of payment monthly, natural logarithm of GDP per capita, dummy of provincial capital, and distance to the provincial 
capital in columns (1) to (4). We also control for the logarithm of payment monthly in columns (1) and (4) and loan duration in column (2). The fixed 
effects of province and month are also included in the estimation. The definitions of the variables are provided in Table 1. Robust standard errors of 
estimates are reported in parentheses. ***, **, and * indicate the 1%, 5%, and 10% significance levels, respectively. 
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markets. Second, geographic variables play a considerable role in the formation of social trust. Distrust stems from uncertainty for 
future return, so trust levels tend to be higher where more cooperation occurs. However, some geographical factors may affect the level 
of cooperation among local residents. Thus, individuals’ trust can be affected by their living environment. For example, the larger the 
slope of cities, the stronger the geographic isolation between people. Local people gain familiarity with others in the same place, 
thereby leading to high inner social trust. A high altitude also means that local residents need more internal cooperation in production 
activities, potentially leading to a higher level of trust. Rivers also play a vital role in ancient times. People in the past preferred to live 
along rivers, thereby enabling personal trust to reach a high level owing to cultural exchange and acceptance. At present, river length 
and slope have minimal impact on the economy and society owing to high construction levels and strong transportation capacity. 
Therefore, these geographical variables can be used as instrumental variables for trust to eliminate the endogenous problems that may 
exist in our regressions. 

We choose two geographic variables as potential instrumental variables. The first is slope, which is calculated from the topography 
of China (You et al., 2018). The second is river length, which is obtained from the China National Basic Geographic Information Center 
and calculated using a 1:40000 vector map with ArcMap. Both instrumental variables are at the city level. 

We follow Arin et al. (2011) and choose instrumental variables by the value of the Kleibergen–Paap rk Wald F statistic for trust with 
different dependent variables. The value of the F statistic represents the correlation between the instrumental and potentially 
endogenous variables. The instrument is sufficiently strong if the F statistic value is above 10 (Stock et al., 2002). Table 5 shows the 
Kleibergen-Paap rk Wald F statistic for each of the IV regressions. 

The values in Table 5 indicate that slope and river length are suitable instruments for trust when the dependent variables are loan 
interest, loan amount, and default dummy. However, the F statistic value of river length is lower than the rule of thumb when the 
dependent variable is success rate. Therefore, we use slope and river length as instrumental variables when loan interest, loan amount, 
and default dummy are independent variables. Moreover, when success rate is used as the dependent variable, we only use slope as the 
instrumental variable. 

Table 6 shows the results of Models (1) to (4) when using IV. The first column is the regression result of social trust and dummy of 
success when river length is used as an instrumental variable. As expected, river length in the first stage is positively correlated with 
trust at the 1% significance level. In the second stage, trust is positively correlated with the likelihood of successfully borrowing money 
at a significance level of 1%. Moreover, the coefficient is significantly higher than the benchmark regression part. Even after ac-
counting for possible endogeneity problems, the conclusion that social trust increases success rate remains unchanged. 

The results in columns (2) to (4) in Table 6 are the regressions of interest rate, loan amount, and default rate when slope and river 
length are used as instrument variables of social trust. In the first stage, slope and river length are positively correlated with social trust 
at the 1% significance level in columns (2) to (4). In the second stage, social trust is negatively, positively, and negatively associated 
with interest rate, loan amount, and default rate at the 10%, 1%, and 5% significance levels, respectively. The results in Table 6 
strongly confirm the conclusions of the previous sections. 

Although we have used slope and river length as instruments to solve the potential endogenous problems, the strong selection issues 
and dynamic correlations among the focal variables (i.e., success rate, interest rate, amount, repayment performance) should also be 
considered. 

We follow Gu et al. (2019) and use three-stage least squares (3SLS) to estimate the simultaneous system of equations, helping deal 
with the endogeneity existing within each equation and dynamic correlation issues. 

When studying the relationship of social trust and success rate, we controlled Lppay, which is determined by the loan amount, 
interest rate, and duration (i.e. Lppay = ln((amount×(interest÷12)×(1+interest÷12)^term)÷((1+interest÷12)^(term− 1)). Consid-
ering that loan amount and loan interest may also be affected by social trust, we use the 3SLS model when the dependent variable is the 
dummy of the successfully raised funds. The system is expressed as follows: 

Table 7 
3SLS and Heckman two-step correction   

(1) (2) (3) (4) (5) (6) (7)  
success interest lamount baddebt interest lamount baddebt 

trust 0.073*** − 0.046 0. 075*** − 0.034*** − 0.278*** 0.557*** − 0.034***  
(0.008) (0.050) (0.025) (0.004) (0.076) (0.031) (0.004) 

N 234965 234965 234965 105346 105346 105346 234965 
Selected       105346 
Nonselected       129619 
r2 0.647 0.482 0.269 0.052 0.880 0.252  

Note: This table presents the results when we use 3SLS model and Heckman selection model to solve the potential selection and dynamic correlations 
issues. The independent variable is trust. The dependent variables are dummy variable success, loan interest rate, natural logarithm of loan amount, 
and dummy of default in columns (1), columns (2) and (5), columns (3) and (6), and columns (4) and (7), respectively. We control for gender, work 
experience, marital status, education, age, logarithm of income, logarithm of payment monthly, natural logarithm of GDP per capita, dummy of 
provincial capital, and distance to the provincial capital in all regression. We also control for the logarithm of payment monthly when the dependent 
variable is success or default, and loan duration when dependent variable is interest. The fixed effects of province and month are also included in the 
estimation. The definitions of the variables are provided in Table 1. Robust standard errors of estimates are reported in parenthesis. ***, **, and * 
indicate the 1%, 5%, and 10% significance levels, respectively. Selected is the number of selected observation (i.e. sample of loans that successfully 
raised funds). Nonselected is the number of not selected observation (i.e. Sample of loans that did not successfully raise funds). 
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⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎩

Interesti,t = β0 + β1Trusti +
∑K

k=2
βkControli,t + εp + τt + εi,t

Amounti,t = θ0 + θ1Trusti +
∑K

k=2
θkControli,t + γp + ρt + δi,t

Successi,t = α0 + α1Trusti +
∑K

k=2
αkControli,t + ϑp + μt + ζi,t

(5)  

When the dependent variable is the dummy of default, we also control the Lppay. The system is expressed as follows: 

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎩

Interesti,t = β0 + β1Trusti +
∑K

k=2
βkControli,t + εp + τt + εi,t

Amounti,t = θ0 + θ1Trusti +
∑K

k=2
θkControli,t + γp + ρt + δi,t

Defaulti,t = α0 + α1Trusti +
∑K

k=2
αkControli,t + ϑp + μt + ζi,t

(6) 

The results are shown in Table 7. The results in benchmark regressions should be consistent with columns (1), (4), (5), and (6). Our 
results are still in line with expectations after solving dynamic correlation issues. 

In column (2), the coefficient of trust is not significant. The coefficient of trust in column (3) is not as large as that in the benchmark 
regression. However, those results are consistent with the results in Section 4.6.3, which is the robustness check with the whole sample. 
The loan interest rate is decided by Renrendai according to the borrowing duration and market interest rates. Renrendai also adjusts 
the loan amount according to borrowers’ information. Therefore, the borrowing amount and interest rate are not greatly affected by 
the trust level, proving that the differences in loan amount and interest rates in the successful sample are determined by the lenders’ 
preference. 

Furthermore, given that we can only obverse the behavior of default in the successful sample, a strong sample selection bias issue 
may occur in Model (4). We use the Heckman two-step correction to solve the sample selection bias issue. Results in column (7) of 
Table 7 show that the coefficient of trust remains significantly positive when we adopt the Heckman two-step correction to deal with 
the sample selection bias issue. 

Given that we expect to see whether lenders will consciously give more money and lower interest rates to borrowers in high-trust 
regions, we do not consider the sample selection bias issue in Models (2) and (3). 

4.5. Heterogeneity Analysis 

4.5.1. Income 
Income level is an important personal trait that affects success rate (Herzenstein et al., 2008) and plays a role in interest rate (Klafft, 

2008). We doubt that although lenders show immense interest in borrowers from high social trust cities, the low-income group may not 
be preferred by investors as they do the high-income group. We divide the entire sample into two groups according to whether the 
income of borrowers is above CNY 7,500. Table 8 shows the results of the two income groups. The results in columns (5) to (8) show 
that high income group regressions are consistent with our baseline regressions. 

Column (4) shows that low-income borrowers’ default rate is significantly negative with social trust, and the value is even larger in 

Table 8 
Income   

(1) (2) (3) (4) (5) (6) (7) (8)  
Income < 7500 Income ≥ 7500  

success interest lamount baddebt success interest lamount baddebt 

trust 0.017 − 0.110 0.643*** − 0.048*** 0.111*** − 0.380*** 0.490*** − 0.027***  
(0.013) (0.100) (0.067) (0.016) (0.014) (0.076) (0.050) (0.010) 

N 75781 24973 24973 24973 159184 80373 80373 80373 
r2 0.643 0.840 0.284 0.082 0.645 0.895 0.206 0.047 

Note: This table presents the different impact of trust on the P2P market for different income intervals. We divide total sample into two groups (i.e., 
high- and low-income groups) according to whether the income of borrowers’ income is above CNY 7500. The independent variable is trust. The 
dependent variables are dummy variable success, loan interest rate, natural logarithm of loan amount, and dummy of default in columns (1) and (5), 
columns (2) and (6), columns (3) and (7), and columns (4) and (8), respectively. We control for gender, work experience, marital status, education, 
age, logarithm of income, logarithm of payment monthly, natural logarithm of GDP per capita, dummy of provincial capital, and distance to the 
provincial capital in all regression. We also control for the logarithm of payment monthly when the dependent variable is success or default, and loan 
duration when dependent variable is interest. The fixed effects of province and month are also included in the estimation. The definitions of the 
variables are provided in Table 1. Robust standard errors of estimates are reported in parenthesis. ***, **, and * indicate the 1%, 5%, and 10% 
significance levels, respectively. 
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column (8). The coefficient of trust in column (3) shows that social trust has positive effects on borrowers’ loan amounts in low-income 
groups. However, trust has no effect on borrowers’ success rate and loan cost in low-income groups. Although social trust has a 
considerable impact on low-income borrowers, lenders appear not to show their preferences to low-income groups with high social 
trust. 

4.5.2. Staff of SOEs or State Agencies 
The previous literature has shown that trust has minimal impact on SOEs and that political connections affect the role of trust in 

obtaining bank financing (Chen et al., 2016). We consider whether this effect also occurs in the P2P lending market. We use the dummy 
of soegov, which takes 1 if borrowers are staff of SOEs or state agencies and 0 if not. Moreover, we place the dummy and s_t (soe-
goy*trust) in the regressions. 

Table 9 presents the results, which show that the effect of trust on lenders’ preferences would be affected by soegoy. Compared with 
other jobs, if borrowers are staff of SOEs or state agencies, their success likelihood would decline by 2.4%. Furthermore, the coefficient 
of s_t in column (2) indicates that the staff of SOEs or state agencies receive 0.05 less discount in loan cost. Although the success rate 
and loan cost discount are minimal, the staff of SOEs or state agencies gain 5.5% more money from P2P lending, as shown in column 
(3). However, the SOE or state agency staff do not have special default rates. Overall, with the exception of loan amount, the SOE or 
state agency staff do not benefit from high social trust as much as other jobs do. A possible reason for this result is that they have 
considerably stable work and receive good treatment in the P2P lending market. In addition, social trust makes other jobs substantially 
attractive, resulting in minimally attractive SOE or state agency staff. 

Table 9 
Staff of SOEs or State Agencies   

(1) (2) (3) (4)  
success interest lamount baddebt 

trust 0.073*** − 0.306*** 0.488*** − 0.033***  
(0.011) (0.058) (0.044) (0.009) 

soegov 0.157*** − 0.161* 0.003 − 0.002  
(0.040) (0.092) (0.101) (0.013) 

s_t − 0.024** 0.050* 0.055* − 0.000  
(0.012) (0.027) (0.029) (0.004) 

N 234965 105346 105346 105346 
r2 0.650 0.880 0.265 0.053 

Note: This table presents the varying impact of trust on the P2P market for workers of SOEs or government agencies. We use the dummy of soegov, 
which takes 1 if borrowers are SOE or state agency staff, and 0 if not. We likewise place the dummy and s_t (soegoy*trust) in the regressions. The 
independent variable is trust. The dependent variables are the dummy variable success, loan interest rate, natural logarithm of loan amount, and 
dummy of default in columns (1) to (4), respectively. We control for gender, work experience, marital status, education, age, logarithm of income, 
logarithm of payment monthly, natural logarithm of GDP per capita, dummy of provincial capital, and distance to the provincial capital in all re-
gressions. We also control for the logarithm of payment monthly when the dependent variable is success or default and loan duration when the 
dependent variable is interest. The fixed effects of province and month are also included in the estimation. The definitions of the variables are 
provided in Table 1. Robust standard errors of estimates are reported in parentheses. ***, **, and * indicate the 1%, 5%, and 10% significance levels, 
respectively. 

Table 10 
Funds for Development   

(1) (2) (3) (4)  
success interest lamount baddebt 

trust 0.067*** − 0.278*** 0.549*** − 0.033***  
(0.010) (0.059) (0.042) (0.009) 

de_t 0.043** − 0.015 0.196** − 0.016  
(0.017) (0.094) (0.082) (0.015) 

devep − 0.203*** 0.016 − 0.814*** 0.057  
(0.058) (0.327) (0.284) (0.054) 

N 234965 105346 105346 105346 
r2 0.648 0.880 0.253 0.053 

Note: This table shows the varying impacts of trust on the P2P market for developmental purposes. We generate the dummy of devep, which takes 1 if 
borrowers will use the money as venture capital or education fund. We likewise place it and de_t (devep × trust) into the regressions. The independent 
variable is trust. The dependent variables are the dummy variable success, loan interest rate, natural logarithm of the loan amount, and dummy of 
default in columns (1) to (4), respectively. We control for gender, work experience, marital status, education, age, logarithm of income, logarithm of 
payment monthly, natural logarithm of GDP per capita, dummy of provincial capital, and distance to the provincial capital in all regressions. We also 
control for the logarithm of payment monthly when the dependent variable is success or default, and the loan duration when the dependent variable is 
interest. The fixed effects of province and month are also included in the estimation. The definitions of the variables are included in Table 1. Robust 
standard errors of estimates are reported in parenthesis. ***, **, and * indicate the 1%, 5%, and 10% significance levels, respectively. 
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4.5.3. Borrowing Purposes 
The way that borrowers use money also influences lenders’ decisions. Given that lenders prefer high trust owing to the likelihood of 

high return, we are convinced of the possibility that borrowers engaged in positive undertakings will promote the effect of trust on 
investors’ preferences. 

We generate the dummy of devep, which is 1 if the borrower will use the money as venture capital or education fund and place it 
and de_t (devep × trust) into the regressions. Devep has a significantly negative effect on the likelihood of success and loan amount. In 
other words, lenders do not prefer borrowers who want to start their own business or accept education and training. We are convinced 
that the reason is that this type of purpose needs considerable faith owing to the uncertain return and long waiting time. The coefficient 
of de_t is significantly positive in columns (1) and (3) of Table 10, indicating that trust may help borrowers who want to start their own 
business or accept education obtain high success likelihoods and loan amounts. A possible reason for this result is that lenders are 
convinced that high social trust would help individuals with improved opportunities to gain returns when they start businesses or 
begin education. We are convinced that trust makes lenders prefer borrowers with superior development. 

4.6. Robustness Check 

4.6.1. Other Trust Indexes 
Previous literature has shown that trust is highly correlated with local economic conditions (Jiang et al., 2020). We follow Jiang 

et al. (2020) and use the orthogonalized trust index instead of the original social trust. We regress the original trust with the log of GDP 
and use the residuals of the regression as trust_e, which is used to replace the original trust index. The results are shown in Table 11. 
Trust_e has a positive effect on the likelihood of borrowing successfully and the loan amount and a negative effect on interest rates and 
the likelihood of default. In other words, the results are also robust when using trust_e instead of the original social trust. 

The social credit indicators in this study are selected from the answers to Question A33 in CGSS. However, other questions in CGSS 
are also related to trust. For example, B10.1 to B10.13 represent the trust degree of 13 trust agent variables to different people. We use 
the average of these questions as trust proxy variables to replace the answers to A33 for regression analysis. Table 12 shows the results, 
which are consistent with the baseline regressions. Moreover, our conclusion remains robust. 

4.6.2. Control Variables 
In the baseline regressions, we use the monthly payment of borrowers as loan characteristics. We believe that lenders decide 

whether to invest in borrowers according to the default risk. Instead of amount, interest rate, and term, monthly payment substantially 

Table 11 
Robustness Check (1)   

(1) (2) (3) (4)  
success interest lamount baddebt 

trust_e 0.074*** − 0.278*** 0.559*** − 0.034***  
(0.010) (0.059) (0.042) (0.009) 

N 234965 105346 105346 105346 
r2 0.647 0.880 0.252 0.052 

Note: This table shows the results when we replace the independent variable by the orthogonalized trust index. The dependent variables are the 
dummy variable success, loan interest rate, natural logarithm of loan amount, and dummy of default in columns (1) to (4), respectively. We control for 
gender, work experience, marital status, education, age, logarithm of income, logarithm of payment monthly, natural logarithm of GDP per capita, 
dummy of provincial capital, and distance to the provincial capital in all regressions. We also control for the logarithm of payment monthly when the 
dependent variable is success or default, and the loan duration when the dependent variable is interest. The fixed effects of province and month are 
also included in the estimations. The definitions of the variables are provided in Table 1. Robust standard errors of estimates are reported in pa-
rentheses. ***, **, and * indicate the 1%, 5%, and 10% significance levels, respectively. 

Table 12 
Robustness Check (2)   

(1) (2) (3) (4)  
success interest lamount baddebt 

trust_113 0.066*** − 0.131*** 0.440*** − 0.022***  
(0.008) (0.043) (0.033) (0.006) 

N 234965 105346 105346 105346 
r2 0.647 0.880 0.251 0.052 

Note: This table presents the results when we replace the independent variable by the mean of answers to questions B10.1 to B10.13 in CGSS. The 
dependent variables are the dummy variable success, loan interest rate, natural logarithm of loan amount, and dummy of default in columns (1) to (4), 
respectively. We control for gender, work experience, marital status, education, age, logarithm of income, logarithm of payment monthly, natural 
logarithm of GDP per capita, dummy of provincial capital, and distance to the provincial capital in all regressions. We also control for the log of 
payment monthly when the dependent variable is success or default, and the loan duration when the dependent variable is interest. The fixed effects 
of province and month are also included in the estimations. The definitions of the variables are reported in Table 1. Robust standard errors of es-
timates are reported in parentheses. ***, **, and * indicate the 1%, 5%, and 10% significance levels, respectively. 
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measures borrowers’ financial pressure and default risk. However, we also use amount, interest rate, and loan term to replace payment 
monthly in Models (1) and (4). The results, which are shown in columns (1) and (2) of Table 13, remain robust. 

4.6.3. Samples 
We use Models (2) and (3) to estimate the preference of lenders to borrowers from high trust cities with the successful sample. We 

are convinced that the difference between loan cost and loan amount for borrowers from cities with different social trust could further 
prove the conclusion that lenders prefer borrowers from high trust cities. However, the interest rate of borrowers is not decided by 
themselves, and the loan amount may be changed according to their qualifications. In other words, the higher the interest rate, the 
lower loan the amount that may be offered by Renrendai instead of the lenders. In this section, we regress Models (2) and (3) with the 
entire sample, which could help us identify the part in which high social trust borrowers are better treated. The results are presented in 
columns (3) and (4) in Table 13. In column (3), the coefficient of trust is not significant, meaning that Renrendai does not provide 
different borrowing costs to borrowers with different levels of social trust. The result in column (4) means that the coefficient of trust is 
significantly positive at the 1% level. However, when we compare the values of the coefficients with the baseline regression, those in 
baseline regression are considerably higher. Loan amount is high even after the qualification review of Renrendai, although lenders’ 
decision significantly increases the differences. 

4.6.4. Fixed Effects 
In the previous sections, we control for province and month fixed effects to determine the effects of geographical location, regional 

development, and time. We examine whether the change in fixed effects affects our results, which are presented in Table 14. In 
columns (1) to (4), we control year by province and quarter as fixed effects and month by province in columns (5) to (8). Accordingly, 
our conclusion remains robust when we change the fixed effects. 

Table 13 
Robustness Check (3)   

(1) (2) (3) (4)  
success baddebt interest lamount 

trust 0.073*** − 0.034*** 0.046 0.075**  
(0.010) (0.009) (0.082) (0.037) 

N 234965 105346 234965 234965 
r2 0.647 0.052 0.482 0.269 

Note: This table shows the results when changing the control from the logarithm of payment monthly to the logarithm of amount, loan duration, and 
loan interest rate in columns (1) and (2), and full sample regressions in columns (3) and (4). The independent variable is trust. The dependent 
variables are the dummy variable success, loan interest rate, natural logarithm of loan amount, and dummy of default in columns (1) to (4), 
respectively. We control for gender, work experience, marital status, education, age, logarithm of income, logarithm of payment monthly, natural 
logarithm of GDP per capita, dummy of provincial capital, and distance to the provincial capital in all regression. We also control for the logarithm of 
amount, loan duration, and loan interest rate in columns (1) and (2), and loan duration in column (3). The fixed effects of province and month are also 
included in the estimations. The definitions of the variables are provided in Table 1. Robust standard errors of estimates are reported in parentheses. 
***, **, and * indicate the 1%, 5%, and 10% significance levels, respectively. 

Table 14 
Robustness Check (4)   

(1) (2) (3) (4) (5) (6) (7) (8)  
success interest lamount baddebt success interest lamount baddebt 

trust 0.083*** − 0.352*** 0.674*** − 0.043*** 0.066*** − 0.269*** 0.631*** − 0.036***  
(0.010) (0.055) (0.038) (0.009) (0.010) (0.044) (0.036) (0.008) 

Year-Pro Yes Yes Yes Yes No No No No 
Quarter Yes Yes Yes Yes No No No No 
Month-Pro No No No No Yes Yes Yes Yes 
N 234964 105344 105344 105344 234947 105234 105234 105234 
r2 0.640 0.864 0.271 0.076 0.696 0.895 0.296 0.134 

Note: This table provides the results with different fixed effects. The independent variable is trust. The dependent variables are the dummy variable 
success, loan interest rate, natural logarithm of loan amount, and dummy of default in columns (1) and (5), columns (2) and (6), columns (3) and (7), 
and columns (4) and (8), respectively. We control for gender, work experience, marital status, education, age, logarithm of income, logarithm of 
payment monthly, natural logarithm of GDP per capita, dummy of provincial capital, and distance to the provincial capital in all regressions. We also 
control for the logarithm of payment monthly when the dependent variable is success or default, and the loan duration when the dependent variable is 
interest. The fixed effects of province by year and quarter are also included in columns (1) to (4) and province by month in columns (5) to (8). The 
definitions of the variables are given in Table 1. Robust standard errors of estimates are reported in parentheses. ***, **, and * indicate the 1%, 5%, 
and 10% significance levels, respectively 
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4.7. Further Discussion 

4.7.1. Potential Outcomes Analysis 
We find that social trust has significantly positive effects on success rates in P2P lending, which indicating that lenders prefer 

borrowers of high trust regions. We also find that in the successful sample, borrowers in areas with high trust levels are able to obtain 
more money with lower interest rates under the same circumstances. In addition, we find that borrowers in regions with high trust 
levels have lower default rates, potentially explaining why investors choose borrowers from regions with high trust levels. 

Borrowers in regions with high levels of trust benefit from this situation. They can have higher success rates, lower interest rates, 
and more loans. Do lenders benefit from their preference? We answer this question by calculating the average expected rate of return. 

According to our baseline regressions, for every 0.1 increase in regional trust, borrowers’ interest rates fall by 0.0278 and default 
rates fall by 0.0034. Given that the unconditional average borrowing rate is 11.189 and the unconditional average default rate is 0.006, 
when the trust level increases by 0.1, the expected annual return of the investor is 11.1322% (i.e. (11.189%− 0.0278%) × (1−
(0.006 − 0.0034)), with an increase of 0.0927% (i.e. 11.1322%÷(11.189%×(1 − 0.006))− 1) over the original level. The average 
annual return of each target increased by CNY 471.5317 (i.e. 74,801.497 × 1.0557×(11.189%− 0.0278%)× (1− (0.006 − 0.0034)−
74801.497 × 11.189%×(1 − 0.006)). This phenomenon is also beneficial for investors. 

However, this phenomenon to some extent restrains the borrowing situation in areas with low levels of trust. Borrowers in low trust 
regions need to pay more interest to obtain the loan, even if given the same conditions and guarantees about the funding success rate. 
This issue is a potential problem for balanced regional development. The solution to this problem requires the joint efforts of the 
platform and the region. On the one hand, the platform should enhance the credit audit and reduce the overall default rate, so that 
investors will face less uncertainty and lower credit risk, and they will have lower chances to use soft information to pick borrowers. As 
proposed by Jiang et al. (2020), platforms can also package and sell credit risk. On the other hand, the local government should also 
strengthen publicity, increase regional cooperation, reduce the regional default rate, increase the positive image of the region, and 
improve the level of trust in the region. 

4.7.2. Other Social Attitudes 
In CGSS, in addition to the social attitude of trust, other social attitudes also piqued our attention, such as the questions on sense of 

fairness (A35) and sense of happiness (A36). Fairness and trust are often discussed together, and individuals in fair societies have a 
strong sense of trust. Tokuda et al. (2017) claim that individuals with high aggregate social trust would be considerably happy. 
Accordingly, the following question should be answered: do fairness and happiness, as other types of social capital, also play roles 
consistent with trust? 

Table 15 shows the regression results of sense of fairness and happiness as an independent variable. We find that sense of happiness 
plays an opposite role in lenders’ decisions, whereas sense of fairness affects lenders’ decisions in the same manner as social trust. We 
are convinced that the reasons are as follows. 

Happy societies may lead to high-consumption and high-enjoyment societies, thereby possibly reducing the development of in-
dividuals and increasing the default of borrowers. Fair societies also help individuals receive equal education and employment op-
portunities. Consequently, when borrowers are from fair societies, their future appears considerably reliable and their debt repayment 
abilities are likewise strong. This result proves the possible reason in Section 4.5.3, in which lenders may prefer borrowers with su-
perior development. 

5. Conclusion 

Previous studies have suggested that social trust helps NSOEs’ access to bank financing and increases the local bias of lenders in the 

Table 15 
Further Discussion   

(1) (2) (3) (4) (5) (6) (7) (8)  
success interest lamount baddebt success interest lamount baddebt 

happy − 0.165*** 0.126** − 0.416*** 0.025***      
(0.011) (0.053) (0.041) (0.009)     

fair     0.080*** − 0.113*** 0.272*** − 0.018***      
(0.007) (0.025) (0.021) (0.004) 

N 234965 105346 105346 105346 234965 105346 105346 105346 
r2 0.648 0.880 0.250 0.052 0.647 0.880 0.251 0.052 

Note: This table presents the results, in which happiness and fairness are used to replace trust as independent variables. the dependent variables are 
the dummy variable success, loan interest rate, natural logarithm of loan amount, and dummy of default in columns (1) and (5), columns (2) and (6), 
columns (3) and (7), and columns (4) and (8), respectively. We control for gender, work experience, marital status, education, age, logarithm of 
income, logarithm of payment monthly, natural logarithm of GDP per capita, dummy of provincial capital, and distance to the provincial capital in all 
regressions. We also control for the logarithm of payment monthly when the dependent variable is success or default, and the loan duration when the 
dependent variable is interest. The fixed effects of province and month are also included in the estimation. The definitions of the variables are 
provided in Table 1. Robust standard errors of estimates are reported in parentheses. ***, **, and * indicate the 1%, 5%, and 10% significance levels, 
respectively 
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P2P market. By using 234,965 historical loan records across 80 cities between 2013 and 2016, this study further investigates the effect 
of regional social trust on individuals’ access to the P2P lending market. 

We find that lenders in the market have preferences for borrowers from cities with high trust, thereby enabling the former to have 
high borrowing success rates. By analyzing the borrowing cost and the amount borrowers receive in the successful sample, we also find 
that borrowers with high regional trust obtain low loan costs and large loan amounts, thereby further proving that trust helps bor-
rowers gain access to P2P financing. The results remain unchanged when we use slope and river length as instrumental variables of 
trust to account for endogeneity in our sample. 

Given that trust may lack the same effects on different income levels, political connections have been found to reduce such effects 
(Chen et al., 2016), and trust is highly associated with future promise. Accordingly, the present study further shows that personal 
heterogeneity, including income level, whether borrowers work in SOEs or state agencies, and whether the fund is used for devel-
opment purposes, affects the impact of social trust. We find that borrowers with low income, who work in SOEs or state agencies, and 
who are not borrowing for development purposes are minimally affected by social trust. 

Our conclusions remain robust when replacing the trust index by the orthogonalized trust index, replacing trust index by the mean 
of answers to questions B10.1 to B10.13 in CGSS, changing the control from the logarithm of monthly payment to the logarithm of 
amount, loan duration, and loan interest rate, using the full sample to regress, and using different fixed effects. Lastly, we find that 
fairness plays a consistent role with trust, but happiness plays an opposite role. 

We are convinced that social trust plays an important role in lenders’ preferences, leading to welfare loss for borrowers in low social 
trust regions. Jiang et al. (2020) believe that selling loans with similar characteristics and across different provinces as a package may 
help solve local bias. We deem that this choice may help borrowers in low social trust regions to receive funding. Finally, social trust is 
associated with local default, and improving citizens’ awareness of compliance may also enhance local financial development. 
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Appendix A 

. 

Table A1 
Questionnaire questions of CGSS used in this paper  

Variable Label Question Answer 

trust A33 Generally speaking, do you agree that in this society, most people can be trusted?  1 Very disagree  
2 Disagree  
3 Neither agree or disagree  
4 Agree  
5 Very agree 

fair A35 Generally speaking, do you think that your life is fair?  1 Very unfair  
2 Unfair  
3 Neither fair or unfair  
4 Fair  
5 Very fair 

happy A36 Generally speaking, do you think that your life is happy? 

trust1- 
13 B10 

In general, social interactions /contacts that do not directly involve monetary benefits, how 
many of the following people can you trust?  

Trust1 B10.1 (Close) neighbors  

1 The vast majority of them are 
not credible  

2 Most of them are not credible  
3 Each half  
4 Most of them are credible  
5 The vast majority of them are 

credible 

trust2 B10.2 (Urban) Far Neighbors (Village) Residents in the same village without close neighbors 
trust3 B10.3 People of the same surname in the same village 
trust4 B10.4 People of different surnames in the same village 
trust5 B10.5 Relatives 
trust6 B10.6 Colleagues 
trust7 B10.7 Friends who are not close 
trust8 B10.8 Former classmates 
trust9 B10.9 People of same city that met in other cities 
trust10 B10.10 People who participate in leisure activities together 
trust11 B10.11 People who participate in religious activities together 
trust12 B10.12 People who participate in social activities or public welfare activities together 
trust13 B10.13 Strangers  
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