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Abstract: This paper examines how improved public credit information arrangements
affect entrepreneurial activities and interact with traditional informal institutions. From 2015 to
2016, the Chinese government implemented a Credit Demonstration City Construction (CDCC)
program, which utilized big data technologies to promote credit information sharing and
facilitate the usage of public credit information. Using a difference-in-differences approach, we

find that the CDCC program improved credit information disclosure and promoted



entrepreneurial activities. We provide some evidence for the mechanism that the improved
public credit information arrangements alleviated entrepreneurs' credit constraints and lowered
the risks of running businesses. In addition, we find that the effects of the CDCC program are
stronger in areas where Confucian culture and Buddhism are less prevalent, suggesting that
formal and informal institutions may serve complementary functions in promoting
entrepreneurship.

Keywords: business risks; credit constraints; credit information arrangements;

entrepreneurship; informal institution

1 Introduction

Entrepreneurship is widely considered as the engine of e« ono1ic growth and a catalytic
agent for the expansion and promotion of productiv= activities. However, potential
entrepreneurs usually face the problems of credit constrain.~ and risky business environments,
especially in developing countries with underdevei nes credit institutions (McMillan &
Woodruff 2002; Acs & Virgill 2010). Traditional ... "ormal institutions, such as religions, social
norms, and kinship may alleviate these proti=ms vy providing informal channels for credit
information sharing and external financ’ag ( Jorth 1991, 2012; Cacciotti & Hayton 2017). To
provide formal services of sharing credit n.formation and safeguarding creditor rights, an
increasing number of countries h-.v. es.ablished private credit bureaus and public credit
registration systems. Although 2., ‘nc.casing number of studies have examined the effects of
credit information arrangenmvnts on credit market performance (De Janvry et al. 2010;
Sutherland 2018; Choudhary o lain 2020; Liberti e al. 2022), few studies have examined their
impacts on entreprenen ria1 “ctivities and their interaction with traditional informal institutions.

This paper aims . address two questions: (1) Do public credit information arrangements
promote entrepreneurial activities? (2) How do the effects of public credit information
arrangements on entrepreneurial activities vary with the prevalence of informal institutions?
We focus on China's credit institution reform. Traditionally, the allocation of trade credit is
highly dependent on social networks of acquaintances, and informal institutions such as clans,
Buddhism, and Confucianism are important for maintaining business relationships (Greif &
Tabellini 2010; Zhang 2020; Chen et al. 2022). During 2015-2016, the National Development
and Reform Commission (NDRC) and the People's Bank of China (PBC) approved a total of
41 out of 333 cities to implement the Credit Demonstration City Construction (CDCC) program.
The primary objective of the program is to enhance the disclosure of public credit information

through big data technologies and facilitate its usage in economic activities.



Exploiting the staggered implementation of the CDCC program, we employ a difference-
in-differences (DID) strategy. Using data crawled from national credit websites, we verify that
the CDCC program significantly improved credit information disclosure. Employing data from
the 2011-2019 waves of the China Household Finance Survey (CHFS), we show that the CDCC
program promoted entrepreneurship and entrepreneurial investment. We demonstrate minimal
bias caused by several endogeneity issues, including the violation of parallel trends assumptions,
the omitted variable problem associated with concurrent policy shocks, the sample selection
issue, and the negative weight problem of the staggered DID model.

We then provide some suggestive evidence for the channels through which the CDCC
program worked. First, the CDCC program significantly decrcsed the interest rate on
entrepreneurial loans and increased the probability of obta'ning, enterprise loans, which
suggests alleviated credit constraints on entrepreneurs. Sec yad, he CDCC program increased
the probability of having accounts receivable held by enticnreneurs, which suggests lowered
default risks in business activities. Third, the CDCC p1. ~um promoted enterprises to develop
formal organizations, expand production, and sur 1v - in the market. We argue that formal, large,
and old enterprises might gain more sources c¢* funuing and experience lower default risks due
to the provision of public credit informa «on

Furthermore, we explore the intcactions oetween formal credit institutions and traditional
informal institutions. We show that tiic ~ffects of the CDCC program are stronger in areas where
Confucian culture and Buddhisa, auc less prevalent. Similar to public credit institutions,
Confucian culture and Budd! sm lay an important role in sharing credit information among
strangers and providing evtern..! sources of finance. Therefore, these informal institutions and
credit institutions may .erve. complementary functions in promoting entrepreneurship. However,
we find little evidenc. that the effects of the CDCC program vary across cities with the
prevalence of clan culture. A potential explanation is that clan-based organizations primarily
serve acquaintances within the same clan rather than the general population.

Our paper contributes to three lines of literature. First, we contribute to the literature on the
socioeconomic effects of credit information sharing arrangements. Previous cross-country
comparison studies have typically revealed positive associations between the presence of credit
information-sharing arrangements and credit market outcomes (Jappelli & Pagano 2002;
Djankov et al. 2007). To avoid country-level confounding factors, a growing body of recent
literature has leveraged experimental or quasi-experimental designs to identify the causal
effects of credit information arrangements (De Janvry et al. 2010; Doblas-Madrid & Minetti
2013; De Haas et al. 2021; Liberti et al. 2022). For example, Behr and Sonnekalb (2012)



evaluated the effect of a public credit registry reform in Albania and found that improved
information sharing among lenders decreased the frequency of default behavior among
borrowers. Sutherland (2018) exploited the staggered entry of lenders into a credit information
sharing bureau and showed that credit information sharing decreased relationship lending.
Choudhary and Jain (2020) evaluated the effect of a Pakistani banking reform that decreased
public credit information available to lenders. They found that reduced public credit
information exacerbated the issue of adverse selection in the lending market. This study
provides novel evidence that public credit information arrangements can further promote
entrepreneurial activities in a transition economy.

Second, our study is related to the literature on entrepreneursi. » in developing countries.
Potential entrepreneurs in developing countries typically encow *er s :vere financial constraints,
and they usually rely on internal finance or raise funds thi~ugl informal institutions (Acs &
Virgill 2010; Kerr & Nanda 2011). Previous studies h~ve Jocumented that financial policies
extending loans from the formal banking sector to finai.~izly constrained individuals can help
small businesses to develop (Field et al. 2013; av selucci ef al. 2015; Augsburg et al. 2015;
Banerjee et al. 2015; Crépon et al. 2015; Me:»er 2u19). However, the difficulty to assess the
default risks prohibits such policies fror + be ng widely adopted in developing countries (Cull
& Morduch 2018). We show that p-blic credit information arrangements can both alleviate
financial constraints and reduce def-.u . ~isks, thereby promoting entrepreneurial activities. This
may provide important develou.~nu policy insights for other developing countries with
underdeveloped credit informr - tion markets.

Third, our study spe~ks u. the literature examining the interaction between formal and
informal institutions. A gro. 'ing body of recent literature has examined the interactions between
formal and informal 1. titutions (Casson et al. 2010; Bisin & Verdier 2017; Bau 2021). For
example, Guiso and Pinotti (2013) found that voting rights extension on regional voting
participation rates in Italy depended on the level of civic capital. Martinez-Bravo et al. (2017)
showed that clan culture moderated the performance of formal democratic institutions in public
good provision in rural China. We provide new evidence that informal institutions may also
moderate the effects of formal credit institutions on entrepreneurship when these institutions
serve the same population.

The rest of the paper is organized as follows. Section 2 provides an overview of
entrepreneurship and credit information arrangements in China and outlines a brief conceptual
framework for the empirical analysis. Section 3 describes the data and the empirical strategy

employed in the empirical analysis. Section 4 presents the estimation results for entrepreneurial



activities, investigates the underlying mechanisms, and discusses the interactions between

formal and informal institutions. Section 5 concludes.

2 Background and conceptual framework

2.1 Entrepreneurship in China

Private enterprises in China have grown rapidly over the last twenty years. According to
the National Bureau of Statistics (NBS) of China, the number of persons working in private
enterprises and state-owned enterprises in urban areas was 34 and 81 million in 2000. By 2018,
the number of employed persons in state-owned enterprises in urban areas had decreased by
29% but the number of persons working in private enterprises had 1. ~reased more than six times.
Assets of enterprises in the same period showed a similar differ. ntia) trend, with assets of state-
owned companies showing a 38% increase but assets of prit ate ¢ aterprises increasing about 60
times.

Despite the rapid growth of the private sector, priv ~te .ntrepreneurs still face severe credit
constraints (Poncet et al. 2010; Guariglia e al. 207 :". According to the 2013 wave of the CHFS,
about 51.4% of entrepreneurs could not obtai~ loaw. from banks when encountering financing
problems in the early stage of their busir :ss, .nd the two most prominent reasons for low credit
accessibility were the lack of collater~1 and the absence of third party guarantees. The problems
of credit constraints might lead to .c."icuons in entrepreneurial participation, firm size, and
aggregate capital (Ma et al. 201,

Moreover, the problems - f co. ‘ract enforcement are severe in China. According to the data
released by the National Dev lopment and Reform Commission, courts across the country
reported a total of 14.4” mu.'ion serious defaulters between 2013 and 2019, accounting for about
1% of the country's tow. ! population. According to the data released by the State Administration
for Market Regulation, a total of 6,648,600 enterprises had been reported abnormal business
operations, and 982,400 enterprises had been reported serious illegal and dishonest behavior by
the end of 2020. Such weak contract enforcement might result in a risky business environment,

which was harmful to entrepreneurial activities (Acs & Virgill 2010).

2.2 Public credit system in China

Traditionally, credit information sharing in China relies heavily on social and economic
relationships among extended family members and acquaintances. These relationships also play
an important role in raising external funds, enforcing private contracts, and imposing effective

sanctions on defaulters (Greif & Tabellini 2010; Zhang 2020; Chen ef al. 2022). Entrepreneurs,



especially new ones, often receive support from traditional social networks such as family,
friends, and community members. In comparison, modern developed countries usually
establish formal credit agencies or bureaus to evaluate the creditworthiness of individuals and
firms. A desirable feature of formal credit institutions is that they can expand the scale of
economic activities beyond personal relationships and collect credit information more
efficiently (De Haas et al. 2021).

For a long time, China lacked a formal national credit system. After the market-oriented
reform in 1978, the poor enforcement of contracts between economic agents made the
construction of formal credit institutions increasingly important. Some large banks established
their own credit systems to evaluate the creditworthiness of indivicmals and firms but did not
share credit information with the public. Consequently, credit nnw orthy individuals or firms
could still escape punishment by moving to another city. Ir. 200, the 16th National Congress
of the Party proposed the concept of the public credif <vs.~m. In 2014, the State Council of
China issued the "Planning Outline for the Construction ~¥« Social Credit System (2014-2020)",
which opened the curtain of improving public ¢ c¢c 't information arrangements in China. The
NDRC and the PBC then jointly issued a docment that appointed a selection of pilot cities to
experiment with the CDCC program. Du ‘ing 2015-2016, a total of 41 pilot cities were selected
to experiment with the program. Thc first bawch of 11 cities was selected in 2015. The second
batch of 30 cities was selected in 20" 0. These pilot cities are shown in Table A1 of the Appendix.

A primary objective of ttc¢ “L._C program is to promote the disclosure of credit
information based on big datc tech..ologies. Each pilot city established authoritative platforms
to collect credit information .f economic agents and share it on a national platform. To
consolidate data from vari us records, the program mandated the establishment of a unified
credit coding system ..t businesses. Economic agents can query credit information of their
business partners by checking the list of credit-unworthy firms and individuals from national
and local credit websites. Credit China (www.creditchina.gov.cn) records individual credit
information, whereas National Enterprise Credit Information Publicity System
(www.gsxt.gov.cn) records credit information of firms.

Figure 1 plots the average numbers of dishonest judgment debtors and unreliable
enterprises per 1,000 population in pilot and nonpilot cities over time. The data are crawled
from the national credit websites (www.creditchina.gov.cn and www.gsxt.gov.cn). Before 2015,
the average numbers of credit-unworthy firms and individuals in pilot cities were similar to
those in nonpilot cities. After the adoption of the policy, the average numbers of dishonest

judgment debtors and unreliable enterprises reported in pilot cities became significantly higher



than among those in nonpilot cities. In general, the figure suggests that pilot cities reported
more information on discredited behavior due to the implementation of the CDCC program.
Table A2 shows the regression analog of the graph. The estimates indicate that the
implementation of the CDCC program increased the average numbers of credit-unworthy firms
and individuals per 1,000 population by 0.405 (98.8% of the sample average) and 0.110 (131.0%
of the sample average), respectively.

Furthermore, the CDCC program includes several additional approaches to facilitate the
usage of public credit information. First, credit appraisal and supervision mechanisms were
established by local authorities on the basis of credit rating information. Local authorities
published red lists of trustworthy entities, blacklists of notorious ac “ulters and untrustworthy
entities, and sometimes grey lists called "key scrutiny lists". I 'agrs ntly dishonest individuals
and entities were penalized according to the relevant 1. ws. Moreover, credit restoration
mechanisms were put in place to encourage untrustworthv ntities to rectify their mistakes and
improve their credit behavior. These arrangements wei. 2.pected to reduce credit default risk
for entrepreneurs who extended credit to establislie . clients or business partners. Second, non-
government sectors were encouraged to use cidit products and services such as credit reports,
credit evaluations, and credit risk war -ing.. Enterprises were encouraged to develop new
record-based credit products availabl ~ to the public. Entrepreneurs, particularly those with well-
established credit histories, could Ir v .2ec their credit information to secure financial support
from various economic agents, ir.ci. g formal financial institutions, suppliers, and customers.
Third, local authorities carric:! ou. campaigns to promote awareness of creditworthiness and
encourage public honesty A public credit awareness campaign, called "Honest Business Day",
was held annually to yubli ize examples of honest and untrustworthy behavior. Free training
courses on credit resto. “tion were also provided periodically to entrepreneurs.

The NDRC and PBC also assigned independent third-party institutions (typically
university departments and popular media enterprises) to evaluate the performance of pilot
cities on an annual basis. The third-party institutions would provide feedback and guidance on
the development of more comprehensive public credit information arrangements. There were
11 pilot cities passing the systematic evaluation in 2018 and 15 pilot cities passing the

evaluation in 2019.

2.3 Conceptual framework
The essence of the CDCC program is to enhance the disclosure of public credit information

through big data technologies and facilitate its usage in economic activities. The CDCC



program may have promoted entrepreneurship through the following two channels: alleviating
financial constraints and reducing the risks of running businesses.

First, the CDCC program may have alleviated financial constraints. Potential entrepreneurs
usually face funding problems because lenders consider it too risky to lend money to private
entrepreneurs. The credit information arrangements may provide a way for people to capitalize
on their credit records (Sharpe 1990; Stein 2002). With credit information revealing the
creditworthiness of entrepreneurs, lenders can relax or waive collateral requirements on loans
to people with good credit records (Fosu et al. 2020). This may raise the probability of people
with good credit records obtaining the necessary capital for starting businesses as well as their
chances of surviving and thriving in the market (Bennardo et al. Zv:5).

Second, the CDCC program may have lowered the risks of -unn ng businesses. On the one
hand, the CDCC program may have made it easier to acquir * cre lit information about business
partners. Dishonest partners such as defaulters and fr~uu- can be more easily recognized,
avoided, and punished by the market. Knowing these cu.~<zquences, rational agents will be less
likely to become defaulters and frauds (Behr & o) aekalb 2012). Consequently, the provision
of public credit information can alleviate the >ontract enforcement problem and lower the risk
of providing goods or services on cred r. Ca the other hand, the CDCC program may have
reduced the risk of competing with ~roduceis of shoddy or fraudulent goods. The improved
credit information arrangements m-.y -xnose producers of shoddy or fraudulent goods while
exposing and appraising produc.rs ~1 guality products (Padilla & Pagano 2000). As dishonest
producers are publicized, the: wili Juickly be expelled from the market (Shapiro 1983; Horner
2002).

3 Data and empa.ical strategy

3.1 Data sources and descriptive statistics

Our main data source comes from the CHFS. The CHFS is an ongoing, nearly nationwide,
comprehensive panel survey conducted biennially by the Survey and Research Center for China
Household Finance of the Southwestern University of Finance and Economics. The baseline
survey was initiated in 2011 and surveyed 8,438 households from 67 cities in 25 provinces. The
second wave was conducted in 2013 and surveyed 28,228 households from 165 cities in 29
provinces. The third wave was conducted in 2015 and surveyed 37,399 households from 174
cities in 29 provinces. The fourth wave was conducted in 2017 and surveyed 40,011 households
from 174 cities in 29 provinces. The latest wave was conducted in 2019 and surveyed 34,643

households from 187 cities in 29 provinces. The survey gathers information on a range of topics,



including demographic characteristics, housing assets and financial wealth, debt and credit
constraints, entrepreneurial activities, social welfare and insurance, and labor market outcomes.
The survey respondents are typically household members who are most familiar with household
economic conditions. The CHFS has been broadly used in the literature on labor market
performance and entrepreneurship in China (Cai et al. 2018; Clark et al. 2019; Li et al. 2020).
In addition, we obtain city-level socioeconomic information from various yearbooks, history
books, and government websites.

Entrepreneurial activities — The CHFS gathers detailed information on entrepreneurial
activities at the household level. Following previous studies, we use a general definition of
entrepreneurship, which involves the identification and pursuit of n."v opportunities, as well as
the continuous innovation and improvement of existing busincsses (Acs & Virgill 2010). We
employ two measures of entrepreneurship. The first measur. is a Jummy variable for operating
household businesses, including independent businesse t.sportation, leasing, online shops,
and enterprises. This measure of entrepreneurship is w:1ely adopted in the previous literature
(Hurst & Lusardi 2004; Cai ef al. 2018; Ma et a’. . J19; Li et al. 2021a). The second measure
is the logarithm of one plus entrepreneuria’ investment, which quantifies the intensity of
entrepreneurial activities.

We classify limited liability cor.nanies, incorporated companies, joint ventures, and sole
proprietorships as formal enterpriscs =nu classify self-employed and those without formal
organization as informal enterpr'sc. vve then set two dummy variables for running formal and
informal enterprises, respecti~ =ly. 1.1 the mechanism analysis, we also use information on other
entrepreneurial activities inc’ iding the number of employees, years of operation, and
entrepreneurial revenu : and profit. We split enterprises into two groups, depending on whether
the number of employ. =s is above or below three (the sample mean conditional on running
businesses). Accordingly, we set two dummy variables for running small and big enterprises,
respectively. Furthermore, we divide enterprises into two groups based on whether the length
of operation is below or above three years and construct two dummy variables for running new
and old enterprises, respectively.

Credit outcomes — The CHFS also gathers information on entrepreneurial loans and
accounts receivable. Entrepreneurial loans include loans used for entrepreneurial activities and
obtained from banks, other financial institutions, relatives, and friends. Accounts receivable are
the amount of money owed to a firm due to its provision of goods or services based on credit.
We set two dummy variables for having entrepreneurial loans and accounts receivable,

respectively. Note that only the 2015-2019 waves of the CHFS contain questions on accounts



receivable.

The CHFS does not collect information on credit default risks in business activities.
Instead, we use data from the China Stock Market and Accounting Research (CSMAR). The
CSMAR contains information on companies listed on the Shanghai and Shenzhen stock
exchanges. We focus on the sample period between 2012 and 2019 and use a dummy variable
for being involved in economic judicial arbitration to measure the credit default risks of
companies. Economic judicial arbitration is a less costly and faster procedure adopted by the
court system to resolve economic disputes between parties. Typical economic disputes contain
disputes over loans, overdue payments, arrears, guarantees, and prolonged payments between
firms and banks.

We also use the CSMAR data to construct other direct «nd i idirect measures of credit
default risk. Specifically, we employ the BS index propose.' by 3harath and Shumway (2008)
to quantify the credit default risk of firms. This index, c~ns.micted according to the Merton DD
model (Merton 1974), is widely used in previous studic. ‘i et al. 2019; Lee 2020; Chu 2021).
The index is based on the idea that a firm's sharriicders' equity is viewed as a call option and
that a firm becomes more likely to default wkn ns asset value falls below its debt value. The
index is calculated as the difference bet. «eer the firm's asset value and its debt, divided by the
standard deviation of the firm's asset value. A higher value of the BS index indicates a greater
distance to default, signifying a lovve: deyree of credit default risk. We also use firms' credit
loan ratio and working capital tv.u. ver to test firms' credit default risk. A high credit loan ratio
indicates firms that have a “ighe. level of credit, which suggests they may have a lower
probability of credit defarlt (b .<has ef al. 2021). Working capital turnover directly influences
the liquidity of the frm. A high working capital turnover ensures efficient and smooth
functioning and higher ~fficiency in utilizing working capital, resulting in a reduction of credit
default risk (Adhikari ef al. 2021).

Informal institutions — Following previous studies, we use the total number of Confucian
temples in a city as a proxy variable for the strength of local Confucian culture (Kung & Ma
2014; Feng et al. 2021; Miao et al. 2021a). The Confucian temples have played a vital role in
the propagation and education of Confucianism in Chinese history. Consequently, the number
of Confucian temples typically has a positive association with the strength of Confucian culture.
Information about Confucian temple locations is manually collected from the National
Choreography of the Qing Dynasty.

Following previous studies, we use the number of Buddhist temples in a city to measure

the prevalence of Buddhism (Wang & Lin 2014). The reasoning behind our choice is that the



supply side of religion, or the number of religious institutions, largely determines religious
culture (Stark & Finke 2000). The official website of China's State Administration for Religious
Affairs (www.sara.gov.cn) records geographic information about all existing religious
institutions in China. We use a Python program to crawl geographic information about
Buddhism temples from the website.

We measure the strength of clan culture in a city by the total number of genealogies (Greif
& Tabellini 2010, 2017; Chen et al. 2022). A clan is a kin-based organization whose members
share a common surname and a common patrilineal progenitor. Since genealogy compilation is
an essential part of a clan's activities, the number of genealogies in a city is a desirable proxy
variable for the strength of local clan culture (Zhang 2020). We mau. "ally collect the genealogy
data from the Comprehensive Catalogue of the Chinese C -ne:logy, which is the most
comprehensive collection of Chinese genealogies available.

Digital finance — We use the Digital Inclusive Fir~nc.~l Index (DIFI) to measure digital
finance development. It is jointly compiled by the Dig.~! finance Research Center of Peking
University and Ant Financial Service (Guo e’ «". 2020). The city-level DIFI provides a
description of the digital finance development ‘n Cuina between 2011 and 2019.

Leader turnovers — We manually; co'tect information on local officials (municipal
secretaries and mayors) who served i~ Chinese cities between 2011 and 2019. The data sources
include the China Yearbook of Munc1.~lines, provincial yearbooks, and government websites.

City-level macroeconomic * a: ‘1twes — We obtain city-level macroeconomic data from the
China City Statistical Yearbe~k. 1..ese data include GDP, employment, land area, government
expenditure and revenue, *he n..mber of schools, the number of hospitals, and the mobile phone
penetration rate (i.e. tk 2 nu.mber of mobile phones per person). We replace the missing values
of the macroeconomic -ariables with the values of the previous years for each city.

Table 1 compares the macroeconomic variables of pilot and nonpilot cities in 2011. Pilot
and nonpilot cities had no obvious differences in the air pollutant emissions, the natural
population growth rate, the logarithm of the number of hospitals, the logarithm of the number
of schools, and the mobile phone penetration rate. However, pilot and nonpilot cities showed
significant differences in terms of the logarithm of GDP, the logarithm of government
expenditure, the proportion of employees in the secondary industry, and the proportion of
employees in the tertiary industry.

Sample selection — We impose several sample restrictions in our empirical analysis. First,
we exclude households residing in rural areas (Li & Wu 2014; Chu & Wen 2019; Ma et al.

2019). The concept of entrepreneurship in rural areas is not well defined because rural



households in China typically engage in low-skilled self-employment activities such as farming,
fishery, and other agricultural production activities (Ma et al. 2019). Second, we exclude
households whose household heads are aged below 18 or above 55. Age 18 is the age of majority
and age 55 is the retirement age for female employees working in tech-related positions in
China. Third, we restrict the cities to those surveyed at least four times. This restriction ensures
that each city appeared in both pre- and post-program periods. Fourth, we restrict the
households to those surveyed twice or more because our baseline econometric specification
includes household fixed effects. Finally, we obtain a sample of 32,048 observations from
12,112 households. To mitigate the influence of outliers, we conduct one percent winsorization
of the financial variables (entrepreneurial investment, revenue, aac nrofit) and the number of
informal institutions.

Table 2 presents descriptive statistics for the main var.able: used in our analysis. Because
of data availability, the number of observations for the , ~cression analysis may vary with
outcome variables. About 27.1% of the household heaas ~r. female, 89.0% are married, and the
average age is 42.31 years. The proportion of ho.sc l10lds operating businesses is about 22.0%,
which is in line with the previous literature - n enwepreneurship in China (Li & Wu 2014).
About 15.5% of households are affected oy t'ie CDCC program during the sample period.

3.2 Empirical strategy

Our empirical analysis uses - »>'D strategy. Specifically, we estimate the following

empirical model:

Yiece = Bo+ P1 X CDCCp + Nicey +t X Z0 + 6 +ac + A + €5 (1)
where i, ¢, and t represent hous chold, city, and year, respectively. Y represents the outcomes of
interest, including entr :pre. eurship and the logarithm of entrepreneurial investment. CDCC;
is an indicator variablc for the implementation of the CDCC program in city ¢ at year t. X;.;
stands for time-varying household characteristics, including the household head's age, marital
status, hukou type, and community membership. §; represents household fixed effects that
account for any unobserved time-invariant household characteristics determining
entrepreneurial activities. The inclusion of the household fixed effects allows us to examine the
changes in entrepreneurial activities within households due to the CDCC program. «, refers
to city fixed effects that account for any unobserved time-invariant city-level determinants of
entrepreneurial activities, such as traditional culture, social norms, and geography. The city
dummies can not be absorbed by the household fixed effects because the households may
migrate across cities. A; indicates year fixed effects, which control for time-varying factors

that are constant across cities. These factors may include national tax and financial policies.



t X Z, represents interaction terms between survey year and city characteristics observed in
the base year. The interaction terms allow for time-varying effects of predetermined city
characteristics on entrepreneurial activities. €;,; is a random error term. We use robust
standard errors clustered at the city level to correct for possible correlations within cities.

The parameter 3; is the point estimate of interest, which represents the effects of the
CDCC program on entrepreneurial activities. The key assumption of our identification strategy
is that in absence of the CDCC program, the entrepreneurial activities in the pilot cities and

nonpilot cities would follow parallel trends.

4 Estimation results

4.1 Baseline results

Columns (1) and (3) of Table 3 present the baseline es cima ‘ion results for entrepreneurial
activities. The estimates indicate that the CDCC nrogram significantly promoted
entrepreneurship and entrepreneurial investment. Spc ~ific lly, the CDCC program increased
the probability of entrepreneurship by 2.4% ans ~ntrepreneurial investment by 10.9%. The
regressions in Columns (2) and (4) of Table 3 adu **unally control for time-varying household
characteristics, including household herds' .ge, marital status, hukou type, and communist
party membership. The estimation results rer..2in quantitatively identical. The effects identified
in this study are economically signif*.nt, ziven that the annual growth rates of the number and
total assets of private enterprise~ arc '/.5% and 14.2% each year during the sample period,
respectively.!

We then perform a numbec. o1 robustness checks to address potential identification concerns,
including the violation o1 , arallel trends assumptions, the omitted variable problem associated
with concurrent maci ~ecunomic shocks, and the sample selection issue. Generally speaking,
our estimation results :¢main robust and we present these results in the appendix.

Parallel trends — In a DID model, the validity of the DID estimates hinges on the parallel
trends assumption. Specifically, our estimation of the treatment effect is valid only if changes
in the entrepreneurial activities would remain constant over time in both pilot and non-pilot
cities in the absence of the CDCC program. In other words, pilot cities should not have

experienced improvements in entrepreneurial activities due to differences in time trends prior

! In our reporting of the estimation results, we have consistently used three decimal places. Although there are slight
variations in the R-squared values across different specifications, these changes are negligible, amounting to less
than 0.001. For example, in Column (1) of Table 3, the R-squared is reported as 0.7258, while it is 0.7260 in Column
(2) when controlling for other household characteristics. There are two main factors contributing to these minimal
changes. First, our model effectively accounts for individual fixed effects, which capture a significant portion of the
household-level variations in entrepreneurial activities. Second, some of the additional control variables have small
and statistically insignificant coefficients.



to the CDCC program. We adopt four approaches to validate the parallel trends assumptions.
First, we adopt a flexible event-study framework to test for a common pre-trend. The

specification is as follows:

Yiet =ﬁo+Zpk'CDCckt+5i+ac+/1t+Eict 2
k%0

where CDCE is an indicator for being 2k and 2k-1 years after the implementation of the CDCC
program. Specifically, CDC;? represents four to five years prior to the program, CDC;!
represents two to three years prior to the program, CDC}, represents one to two years after the
program, and CDCZ represents three to four years after the program. We group two adjacent
years together because the CHFS is conducted biennially. Ot. < control variables include
household, city, and year fixed effects. The omitted reference gro.o 1s the year when or one
year before the CDCC program was implemented. This spec 1w "tion enables us to estimate the
dynamic effects of the CDCC program on entrepreneuri.' acuvities before and after the pilot
city implemented the CDCC program.

Figure Al illustrates the estimation results for :ntrepeneurial rate and investment. The
estimated coefficients are statistically insignific. it 7.1 the pre-program period. However, the
estimated coefficients become statisticeity sigi.ificant and greater in magnitude after the
implementation of the CDCC program. Tn.. results confirm that the trends of entrepreneurial
rate and investment in pilot and non-niic* cities were comparable prior to the program and that
considerable differences emerged art 'r the program was adopted.

Second, we examine wh=u.=r the trends in other irrelevant outcomes remained similar
between pilot and non-pilot v ties during the sample period. Specifically, we examine the effects
of the CDCC program ¢z <e. cal time-varying demographic outcomes, including urban hukou
status, communist p. -ty .~2mbership, marital status, and total years of education. As the CDCC
program was designe’ .0 improve the credit information market outcomes rather than these
demographic outcomes, we expect minimal treatment effects on these irrelevant outcomes.
Table A3 shows the estimation results. Consistent with our expectations, the estimated
coefficients are all small and statistically insignificant. Therefore, we conclude that the
demographic outcomes for the pilot and non-pilot cities followed parallel trends.

Third, we allow the trends of entrepreneurial activities to vary with predetermined city
characteristics. We add the interaction terms between survey year and city characteristics which
were significantly different between pilot and non-pilot cities in the pre-program period. These
city characteristics include the logarithm of GDP, the proportion of employees in the secondary

industry, the proportion of employees in the tertiary industry, and the logarithm of government



expenditure. Table A4 show the estimation results. The dependent variables in Columns (1) and
(2) are the dummy variable for entrepreneurship and the logarithm of entrepreneurial
investment, respectively. The results are robust when we control for differential trends
associated with predetermined city characteristics.

Finally, we perform a permutation test to examine the possibility of spurious regression.
We first randomly select 41 cities as pseudo-pilot for the CDCC program, with the policy
implementation time set to 2015 for 11 cities and 2016 for the other 30 cities. We then determine
treatment status according to the placebo policy years and estimate the placebo treatment effect
using the baseline specification. We repeat this exercise 1,000 times and plot the distributions
of the placebo treatment effects in Figure A2. The distributions of the estimated placebo
treatment effects are approximately normal and centered aroui. 1 ze o, which are significantly
different from the actual effects of the CDCC program.

Other simultaneous economic shocks — We examine , "hether the estimated effects of the
CDCC program are confounded by other simultaneous .~<znomic shocks. Several economic or
policy shocks might also influence entrepreneuri u . ctivities during the sample period.

First, we examine the impact of the Busin~ss kegistration Reform (Shangshi Zhidu Gaige).
The reform aimed to encourage entre; renr arial activities by simplifying firm registration
procedures, relaxing registered captal requirements, and eliminating the registration and
approval of business scope (Barw.cr er al. 2022). The reform was initiated by the State
Administration of Industry anr. Comumerce in 2012 as a pilot program in two cities in
Guangdong province: Dongruan and Foshan. After the successful pilot, the reform was
gradually extended to 10 cther ..*ties in Guangdong province before being rolled out nationwide
in March 2014. We ot tain the data on the timing of the Business Registration Reform from
Barwick et al. (2022). e timing of the reform approximates the timing of the CDCC program.
Furthermore, Guangdong province played an active role in piloting both the CDCC program
and the Business Registration Reform, which could confound the estimated effects of the CDCC
program.

To address this problem, we control for a dummy variable for the implementation of the
Business Registration Reform. Column (1) of Table A5 shows the corresponding estimation
results. The dependent variables in Panels A and B are the dummy variable for entrepreneurship
and the logarithm of entrepreneurial investment, respectively. The estimated coefficients on the
CDCC program remain quantitatively similar. The estimated effects of the Business
Registration Reform are positive but statistically insignificant. One potential explanation is that

the Business Registration Reform expanded rapidly to the nationwide level, and the immediate



effects may not have been captured due to the biennial nature of the CHFS survey.

Second, we investigate the influence of the "Three-in-One License" Registration System
Reform. The Three-in-One License Registration Reform is a further step of the Business
Registration Reform. Previously, companies had to obtain three different licenses, namely the
business license, organization code certificate, and tax registration certificate. However, after
the reform, the government streamlined these three licenses into a single unified business
license, making the registration process more straightforward and reducing administrative
burden for businesses. The government piloted the reform in several cities in 2014 before
implementing it nationwide in 2015. We collect information on the timing of the "Three-in-One
License" Registration System Reform from local government weos *es.> The CDCC program
was also implemented during 2015-2016. If the implementati  o. the CDCC program was
correlated with the implementation of the "Three-in-One Lic >nse Registration System Reform,
the estimated treatment effects may be biased.

To address this problem, we control for a dummy -2.1able for the implementation of the
"Three-in-One License" Business Registration \¢ ‘orm. Column (2) of Table A5 shows the
corresponding estimation results. Similar to tk.~ previous analysis, the estimated coefficients on
the CDCC program remain quantitative! - sirdlar, while the estimated effects of the "Three-in-
One License" Registration Reform c-e statisucally insignificant. One potential explanation is
that these policies quickly expander. n .*iouwide, and the immediate effects may not have been
captured due to the biennial natv.c ~t wwe CHFS survey.

Third, we investigate ‘e n.pact of the E-commerce Demonstration City program.
Launched in 2009, the prrgrat. aimed to foster e-commerce and promote economic growth in
China. From 2009 to 701/, 70 pilot cities were selected successively to experiment with the
program. The initiativ > sought to transform traditional cities into e-commerce hubs by
improving logistics and information infrastructure, fostering the growth of e-commerce
businesses, and creating favorable policies to support online commerce (Cao et al. 2021). To
address the potential confounding effect of the E-commerce Demonstration City program, we
introduce a control variable by including a dummy variable for its implementation and examine
its influence on the estimated coefficients for the CDCC program. The results, presented in
Column (3) of Table A5, reveal that the estimated coefficients for the CDCC program remain
robust to the inclusion of the control variable.

Fourth, we examine the impact of digital finance. Over the past decade, digital finance has

2 The pilot cities include Chuzhou, Chenzhou, Yongzhou, Shenyang, Anshan, Chaoyang, Sugian, Taizhou, Suzhou,
Fangchenggang, Nanning, Hengshui, Qinhuangdao, Tangshan, Cangzhou, Huzhou, Nanchang, Jiujiang, Ganzhou,
Yichun, Shangrao, Ji'an, Fuzhou, Baotou, Ordos, Chifeng, Beijing, Qingdao, and Zhangzhou.



developed rapidly in mainland China. Digital finance may promote entrepreneurial activities
by extending the coverage of financial services and lowering transaction costs (Li e al. 2021b).
If the pilot cities of the CDCC program also made more investments in digital finance
infrastructure during the sample period, the estimated treatment effects may be biased without
controlling for the effect of digital finance. To tackle this potential threat, we add the city-level
DIFI to our baseline specification. The DIFI is widely used in the literature to measure digital
finance in China (Guo et al. 2020). Column (4) of Table A5 shows the corresponding estimation
results. The estimated coefficients on the CDCC program remain quantitatively similar.
Therefore, the estimated effects of the CDCC program are not biased by the development of
digital finance.

Fifth, we investigate the impact of government leadership \ 'rno sers. Government officials
can play a significant role in local economic growth. The tur. ove: s of government officials may
induce economic fluctuations and affect entrepreneuri~! a tivities (Li & Zhou 2005; Yao &
Zhang 2015). If the implementation of the CDCC pr.vum was accompanied by municipal
leader turnovers, our DID estimates may also pr.u .lly capture the effects of municipal leader
turnovers. To address this identification thrc-t, we control for the cumulative turnovers of
municipal party secretaries and mayo: « si.ce 2011. Column (5) of Table A5 reports the
corresponding estimation results. We continue to find that the CDCC program had significant
positive effects on entrepreneurial a ‘ivides. Therefore, the turnovers of local leaders are
unlikely to bias our results.

Sample selection — Fi-3t, there is a question of whether the inclusion of first-tier cities
causes biases in the estimatio . results. The first-tier cities in China are Beijing, Shanghai,
Guangzhou, and Shen: hen. These cities are large and densely populated and have a profound
influence on the counu s economy, culture, and politics (Au & Henderson 2006). These cities
are more likely to pilot economic reforms due to their economic and political advantages. In
fact, all of these cities were selected as the pilot cities of the CDCC program in 2016. If the
first-tier cities did not have similar trends in entrepreneurial activities to the non-pilot cities in
the absence of the CDCC program, our estimates may be biased. For example, entrepreneurial
activities in the first-tier cities might have increased more rapidly than in other cities due to
advanced infrastructures and secured business environments. To address this issue, we drop the
four first-tier cities from our analysis. The estimates reported in Column (1) of Table A6 are
quantitatively similar to the baseline estimates. Therefore, the results are not sensitive to the
exclusion of the first-tier cities.

Second, one may doubt whether population migration confounds our estimation results. It



is generally agreed that migrants are more likely to become entrepreneurs than natives (Azoulay
et al. 2022). If the pilot cities had better infrastructures and attracted more immigrants during
the sample period, our estimates may be biased. In Table A3, we have shown the composition
of the population did not change significantly due to the CDCC program, suggesting minimal
biases associated with population changes. To further address the concern for migration, we
exclude migrants from our samples. Column (2) of Table A6 reports the estimation results from
the restricted sample. Our estimates vary little across specifications, which increases the

confidence in our identification strategy.

Third, there may be a potential sample selection problem when using the pilot as a quasi-
experiment in the DID setting. To determine the causal effect of = C1YCC program, we use all
non-pilot cities as the control group in the baseline analysis 1. wover, incorrect specifications
of regression functional forms and non-overlapping disti.~utions of macroeconomic variables
in pilot and non-pilot cities may lead to incorrect estim. *es of missing counterfactual outcomes
and treatment effects. To address this incompara 1) ¢y issue, we use a matching DID approach
(Heckman et al. 1997; Blundell & Dias 2°9,. We match pilot and non-pilot cities based on
macroeconomic variables using nearest ne. hbor propensity score matching and then conduct
DID estimation on the matched samr'e. “he matching variables include the logarithm of GDP,
the proportion of employees in . = s.condary industry, the proportion of employees in the
tertiary industry, the logaritl. 7 of government expenditure, the logarithm of the number of
schools, the logarithm of . » nnimber of hospitals, the logarithm of Nitrogen oxides emissions,
the logarithm of Sv . Cav.de emissions, the logarithm of industrial dust emissions, the mobile
phone penetration ratc, and the natural population growth rate. Figure A3 displays the balance
of macroeconomic variables before and after propensity score matching. After matching, all
macroeconomic variables are well-balanced. Column (3) of Table A6 reports the DID estimates
based on the matched sample, and the results show that the CDCC program significantly
promoted entrepreneurship and entrepreneurial investment.

Fourth, one may be concerned that excluding the rural sample could lead to biased
estimation. To investigate whether the CDCC program's effects differ between rural and urban
areas, we include the rural sample and re-estimate the baseline model. The results are reported

in Column (4) of Table A6, which indicate that the CDCC program still promotes



entrepreneurship and entrepreneurial investment. We note that low-skilled self-employment
activities in the agricultural sector are typically focused on subsistence and survival rather than
creating new businesses and industries (Faggio & Silva 2014). Thus, we do not classify self-
employment activities in the agricultural sector as entrepreneurship and re-estimate the model
using the pooled sample. Column (5) of Table A6 presents the estimation results, which remain
qualitatively similar to the baseline model.

Fifth, one may doubt whether administrative ranks bias our estimation results. Pilot cities
are more likely to be provincial capitals, which may have »“ntter ex-ante credit formal
institutions. If these cities had a higher growth rate of entrepren :urs. ip even without the CDCC
programs, our estimates would be biased. To address this p ytem al threat, we categorize cities
into three groups based on their administrative ranks: r- ~viu.-ial-level cities, provincial capital
cities, and others. Then, we add the interaction term- b.‘ween the dummy variables for city
groups with different administrative ranks and . vcvey year. The corresponding estimates are

reported in Column (6) of Table A6, and sur esui.s remain robust.

Staggered DID — Our research desigi. leverages the staggered implementation of the
CDCC program. However, there is = recnt consensus in the applied econometrics literature
that the staggered DID mode! . be vulnerable to a negative weight problem (De
Chaisemartin & d'Haultfoeuil’e 2070; Callaway & Sant’Anna 2021). The reason behind this is
that staggered DID can be 1. *erpreted as a weighted average of two-period DIDs, and the
treatment effect may vs.y . <ross different groups and time periods, leading to negative weights
(De Chaisemartin & «Hauitfoeuille 2020). Negative weights may result in biased estimates and
standard errors that aic difficult to interpret. To address this issue, we use the more robust
estimates proposed by (Borusyak et al. 2021). The key concept of this approach is to estimate
the potential outcomes for the treated units using data for the untreated units. We present the
results in Table A7, and they are found to be similar to the baseline estimates. Therefore, we
conclude that the negative weight issue in our model does not affect the validity of our results.
4.2 Potential mechanisms

The above analysis illustrates that improved credit information arrangements can be
conducive to entrepreneurship. In this subsection, we investigate how the CDCC program
affected entrepreneurial activities.

We begin by discussing the two major channels through which the CDCC program affected



entrepreneurial activities. First, the CDCC program might alleviate entrepreneurs' credit
constraints by increasing the sources of entrepreneurs' funding and decreasing the interest rates
of entrepreneurs' debts. For example, Xinyi Credit is a third-party online financial service
platform strongly supported by the local governments of the pilot cities after the CDCC
program. There are thousands of formal lending institutions such as banks, guarantee companies,
pawn companies, and small loan companies on the platform of Xinyi Credit. With information
provided by public credit sharing platforms, Xinyi Credit is able to offer loans to small and
medium-sized businesses that are suitable for their needs. Another example is the Gongxin E-
loan, which is developed by the Industrial and Commercial Bank of China and supported by
government agencies of pilot cities. Gongxin E-loan allows ente. prises with good credit to
obtain low-interest, mortgage-free loans.

We formally examine the effects of the CDCC program ‘u en repreneurs' credit constraints.
Column (1) of Table 4 reports the estimate for the interes* raw. of enterprise loans.® The estimate
suggests that the CDCC program significantly reducec *he interest rate of enterprise loans by
2.365 percentage points, which is about 46.5% +1 Qe sample average. The magnitude of this
effect is sizable but plausible. Column (2) ¢ Tavie 4 presents the estimate for the dummy
variable for having enterprise loans frorr bar s or other private sectors. The estimate indicates
that the CDCC program raised the robability of having enterprise loans by one percentage
point, which corresponds to 17.2% o1 ~e sample average.

Second, the CDCC prograr 1.igut lower credit default risks in business activities. Since
the CHFS survey does not cc'lect Jata specifically on credit default risks related to business
activities, we address this limi. tion by utilizing data from the CSMAR. Our analysis focuses
on the period spanning fro.1 2012 to 2019 and includes firm and year fixed effects as control
variables. In Column ‘1) of Table A8, the dependent variable is a binary indicator of
involvement in economic judicial arbitration, which serves as a proxy for measuring a firm's
credit default risks. Our results indicate that the CDCC program led to a 2.4 percentage point
reduction in the probability of being involved in economic judicial arbitration, which represents
approximately 15.4% of the sample average. This finding confirms that the CDCC program
significantly reduced credit default risks in business activities.

In Columns (2) to (4) of Table A8, we present the estimated effects of the CDCC program
on the BS index for credit default risk, as well as the credit loan ratio and working capital

turnover. As mentioned previously, a higher value of the BS index indicates a greater distance

3 The variable interest rate is only available for households that run a business, have outstanding bank loans, and
are willing to report their interest rate. The fixed-effect model also requires entrepreneurs to report their loan interest
rate at least twice. These requirements result in a limited number of regression observations.



to default, signifying a lower degree of credit default risk. The estimation results indicate that
the CDCC program significantly reduced the credit default risks of firms, increased the credit
loan ratio, and accelerated working capital turnover. It is important to note that credit default
risk is influenced by a multitude of factors, including both firm-specific characteristics and
macroeconomic conditions. Hence, while the estimated coefficients may appear not large in
magnitude, they align with our expectations and offer meaningful insights. For instance, the
CDCC program is found to increase the BS index by 0.315, representing a 3.1% increase from
the sample average.

Additionally, we use the CHFS data to provide some indirect evidence on the mechanism
of lowered credit default risks. Column (3) of Table 4 reports u.o estimate for the dummy
variable for having accounts receivable. Accounts receivable re.r to the amount owed to a firm
due to its provision of goods or services based on credit. As t e de “ault risks of business partners
or clients decrease, a company may increase its accounte rec ~ivable to encourage them to spend
more with the company. The estimate indicates that the ~DCC program raised the probability
of having accounts receivable by 1.7 percentag. j oints, which corresponds to 18.3% of the
sample mean. In general, these findings are ¢ 'nsisient with the mechanism of lowered credit
default risk.

We have demonstrated that tho CDCC program stimulated entrepreneurial activities by
alleviating entrepreneurs' credit cor.st ~ims and lowering the risks of running businesses. We
then examine the impacts of the . “°C program on several additional entrepreneurial activities,
which may also shed light or. "ow .2e CDCC program worked.

First, we examine whe. or the effects of the CDCC program vary with the types of
business organization:. W distinguish between formal and informal enterprises. Formal
enterprises include lim:*ed liability companies, individual proprietorship enterprises, and joint
ventures, whereas intormal businesses refer to those without formal organizations and
privately-owned businesses. Compared with informal businesses, formal enterprises usually
engage in complicated business relationships and deal with various financial agents (La Porta
& Shleifer 2014). The provision of public credit information may reduce the risks of operating
in complicated business environments. Therefore, we expect that formal enterprises gained
larger benefits from the CDCC program than informal businesses.

The dependent variables in Columns (1) and (2) of Table 5 are the dummy variables for
running formal enterprises and informal businesses, respectively. In line with our expectations,
the CDCC program significantly increased the probability of running formal enterprises but had

almost zero effect on the probability of running informal businesses. This is desirable from an



economic perspective since informal businesses are often characterized by low productivity,
low wages, and stagnant growth (La Porta & Shleifer 2014).

Second, we investigate whether the effects of the program depend upon the size of the firm.
Potential entrepreneurs may rely on their own savings or loans from relatives to run small
businesses. However, they may find it difficult to solve the financing problem when running
large companies (Acs & Virgill 2010). If alleviated financial constraints were an important
mechanism driving the effect of the CDCC program, we expect that large companies gained
larger benefits from the CDCC program than small companies. We classify the enterprises into
two groups based on whether the number of employees is above or below three. The dependent
variables in Columns (3) and (4) of Table 5 are the dummy v.-iables for big and small
enterprises, respectively. As expected, the CDCC program sigi ifice atly raised the probability
of running big enterprises but had no obvious effect on the probability of running small
enterprises.

Third, we investigate whether the CDCC prosw=m increased entrepreneurship by
encouraging more entries of new firms or by Fcy ing existing firms to survive. The CDCC
program improved the transparency of ci-dit information, which reduced information
asymmetry for all firms, including botk nev and old ones. However, new entrepreneurs face
significant information asymmetry g -oblems due to their lack of business credit history (Kerr
& Nanda 2011). This lack of cred’ ».’<tory makes it challenging for them to access formal
financial institutions that may ru«-9c nigh interest rates, require collateral, or impose strict
eligibility criteria. For examp'e, u.2 following webpage (https://qdceloan.com/#/homelndex)
provides information aboit cr. lit loan products and services in a pilot city named Qingdao,
most of which have rcqun ‘ments on years of operation and exclude new entrepreneurs. By
contrast, new entreprei. “urs may receive more funding support from traditional social networks,
such as family, friends, or community members (Kiss & Danis 2008; Adams et al. 2014). These
networks may be more supportive and encouraging to entrepreneurs who share common values,
norms, and expectations but have limited credit information.

Older firms, on the other hand, might benefit more from the CDCC program due to their
established credit history and relationships with financial institutions. They might use their
credit information to obtain financial support from various economic agents, including formal
financial institutions, suppliers, and customers (Bennardo ef al. 2015). Furthermore, they might
experience lower credit default risk when dealing with established clients or business partners.
Older firms might provide established clients or business partners with goods on credit to

stimulate more consumption or cooperation (Horner 2002). The public credit information



arrangements might reduce default risks, thereby increasing firm revenue. For instance, the
following webpage (https://credit.lanzhou.gov.cn/223/92682.html) cites the example of a small
business owner who had previously struggled with late payments and had to borrow money to
pay salaries. However, since the introduction of the CDCC program and the publication of the
"red-black list" of creditworthy businesses and individuals in their city, the owner has been able
to check the list before engaging in business with potential clients, providing them with more
security and allowing easier financing.

We divide the enterprises into two groups based on whether the length of operation is below
or above three years. The dependent variable in Columns (5) and (6) of Table 5 are the dummy
variables for new and old enterprises, respectively. The estimates 1..licate the CDCC program
had no obvious effect on running new businesses but significai. ‘ly ir.creased the probability of
running enterprises that had existed for more than three yea -s.

Finally, we investigate how the CDCC program i~flucnced entrepreneurial revenue and
profit. If the public credit information arrangements ca.. *educe credit default risks, it may also
extend the depth and scope of transactions arua Lring about more business opportunities.
Therefore, we speculate that entrepreneurs r~ight gain larger revenue and profit due to the
CDCC program. The estimates in Table ~ svpport our speculation. The estimates indicate that
the CDCC program raised entreprenc-irial revenue by 8.9% and entrepreneurial profit by 7.7%.

These results also confirm the ratio.a)*v of being entrepreneurs after the reform.

4.3 Interactions with inforr: 1l in. titutions

Informal institutions refer .o a set of social rules that are usually not written but are created,
communicated, and en’orce 1 outside of official channels or structures (North 1991; Greif 2006).
In developing countric. where formal institutions such as financial institutions and courts are
typically underdeveloped, informal institutions may play a vital role in maintaining business
relationships, allocating credits, and reducing transaction risks (Zhang 2020; Miao et al. 2021a;
Chen et al. 2022). A growing body of recent literature has documented that formal and informal
institutions may interact and evolve in a complementary way, with mutual feedback (Alesina &
Giuliano 2015; Bisin & Verdier 2017). We provide new empirical evidence on this issue by
examining the interactions between formal credit information sharing arrangements and
traditional informal institutions in China. Specifically, we investigate whether the effects of the
CDCC program on entrepreneurial activities increase or decrease with the prevalence of local
informal institutions.

First, we examine whether the impacts of the CDCC program depend on the intensity of



Confucian culture. Confucianism is a philosophy and belief system based on the teachings of
Confucius and his disciples. It has existed for more than 2,000 years and is concerned with
virtue, practical wisdom, and proper social behavior. During the Han Dynasty, the emperor Wu
of Han (156 - 87 B.C.) promoted Confucianism as the official ideology and all Chinese feudal
states succeeding the Han Dynasty kept this status. Confucian values and norms are still
prevalent in modern China and have produced profound impacts on social and economic
behavior (Liu et al. 2014).

Confucianism typically advocates honesty and credibility in social interaction. For
example, Confucius remarked, "One must be a man of his word and resolute in his work... I do
not know how a man without truthfulness is to get on." In areas . here Confucian culture is
highly prevalent, Confucian values may impose strong moral re ‘trair.ts on default behavior and
maintain trustworthy behavior in business transactions. : s tristworthy behavior has been
encouraged even without public credit institutions in the<e « =as, the CDCC program may have
a limited impact on opening and managing enterprises.

Following previous studies, we use a city's tste . number of Confucian temples (divided by
100) to quantify the strength of Confucian cu'ure (Kung & Ma 2014; Miao ef al. 2021a). We
add an interaction term between the ¢amr.ay for the CDCC program and the number of
Confucian temples to examine heterc ~eneity 11 the treatment effects of public credit institutions
by the intensity of Confucian cultue. "Ve do not include the number of Confucian temples in
the regressions because it is absc.u. 1 uy city fixed effects. Columns (1) and (4) of Table 7 show
the corresponding estimation *esui.s. We find that the CDCC program significantly stimulated
entrepreneurial activities ‘n ciu.os without any Confucian temples. However, as the intensity of
Confucian culture inceasc”, the effects of the CDCC program on entrepreneurial activities
decrease. To get a sensc »f the interaction effect, consider the following example. If the intensity
of Confucian culture increase from the 25th percentile (0.02) to the 75th percentile (0.24), the
effects of the CDCC program on entrepreneurship and entrepreneurial investment will decrease
by 78.2% and 60.1%, respectively.*

Second, we explore whether the effects of the CDCC program depend on religious beliefs.
A large body of literature has established that religion is an important social force that shapes

entrepreneurial activities (Iyer 2016; Kumar et al. 2022).°> On the one hand, religious networks

4 Specifically, the effect on entrepreneurship will decrease from 0.047 to 0.010, and the effect on entrepreneurial
investment will decrease from 0.173 to 0.068.

5 Previous studies have produced conflicting results regarding the economic impact of Buddhism. While some
studies have found a positive effect of Buddhism on entrepreneurship and firm performance (Lu & Wu 2020; Miao
et al. 2021b), Wang and Lin (2014) argued that Buddhism had no effect on economic growth. Our results provide
new insight that Buddhism may mediate the effect of the CDCC program on entrepreneurship.



can promote the exchange of credit information among people and increase sources of financing
for potential entrepreneurs (Lu & Wu 2020). On the other hand, moral obligations imposed by
religious beliefs may reduce default behavior in business transactions. In mainland China,
Buddhism is the most popular religion and the number of Buddhists is estimated to range from
185 million to 300 million (Xu et al. 2021). Buddhism lists dishonesty and lying as one of the
"ten evils" and requires Buddhists to practice the precept of "not lying and being honest when
speaking". Therefore, potential entrepreneurs in areas with a high prevalence of Buddhism may
experience low credit default risks and obtain credit loans even without public credit institutions.

We use a city's total number of Buddhist temples (divided by 100) to quantify the
prevalence of Buddhism (Wang & Lin 2014). Again, we use an 1._‘eraction term to examine
whether the effects of the CDCC program vary with the prevalc nce »f Buddhism. Columns (2)
and (5) of Table 7 show the estimation results. As expected the :ffects of the CDCC program
on entrepreneurial activities also decrease with the prevale. ~e of Buddhism. Here is a way to
get an idea of the magnitude of the interaction effect. 1" *h_ prevalence of Buddhism increases
from the 25th percentile (0.21) to the 75th perce .u- & (1.52), the effects of the CDCC program
on entrepreneurship and entrepreneurial in>stment will decrease by 21.2% and 15.4%,
respectively.

Third, we investigate whether t. = effects of the CDCC program are heterogeneous across
the intensity of clan culture. Clans ar. kiu-based organizations composed of individuals who
share a common ancestor and a ~owumon surname. Clan-based organizations may play a
significant role in maintaini~~ couperation among members, providing local public goods,
regulating interactions with 1.on-members, and coordinating market interactions (Greif &
Tabellini 2017; Cao e al. 2022). Clan-based networks can facilitate the exchange of credit
information and econo. “ize on contract enforcement costs within the clans, thereby promoting
entrepreneurial activities (Zhang 2020).

We use the total number of genealogies in a city (divided by 100) to quantify the intensity
of clan culture (Greif & Tabellini 2010, 2017; Chen et al. 2022). Columns (3) and (6) of Table
7 show the corresponding estimation results. We continue to find that the CDCC program
promoted entrepreneurial activities. However, the estimated coefficients on the interaction term
are small and statistically insignificant, which suggests limited interactions between clan
culture and public credit institutions. The lack of interactions may be related to the different
target populations. Public credit institutions served the general population and most of their
users are strangers. By contrast, clan-based organizations primarily serve acquaintances within

the same clan, which only account for a limited proportion of the general population (Greif &



Tabellini 2017).

It is possible that other confounding factors are correlated with the prevalence of informal
institutions, which could potentially affect our interpretation of the results. To examine the
potential correlation between informal institutions and city-level socioeconomic variables in
2011, we conduct a formal regression analysis. The results of the estimation are reported in
Table A9, which shows that informal institutions are significantly associated with various
economic factors, such as the logarithm of GDP, the proportion of employees in the secondary
and tertiary industries, the logarithm of the number of dishonest judgment debtors, the
logarithm of the number of schools, the logarithm of R&D expenditure, and natural population
growth rate. To address any possible biases, we include interaction “>rms between survey year
and the socioeconomic variables that are significantly linked to ‘nfor mal institutions in the pre-
program period. Table A10 presents the estimation results, which demonstrate the robustness
of our findings even after controlling for differertia1 trends that are associated with

predetermined socioeconomic variables.®

5 Conclusion

This paper provides new empirical evilence on the effects of improved public credit
information arrangements on entrepreneuri.' activities and their interactions with traditional
informal institutions. Exploiting the ~nau.! and temporal variations of the CDCC program, we
show that the program significant' ir.'» oved the disclosure of credit information and promoted
entrepreneurial activities. En.pu ~al tests suggest that alleviated financial constraints and
reduced credit default risks .rerv likely to be potential mechanisms. We also show that the
effects of the CDCC prr z. ~m uecrease with the prevalence of Confucian culture and Buddhism,
suggesting substituti " ciects between formal credit institutions and informal institutions in
promoting entreprene...ship. However, there is little evidence that the effects of the CDCC
program vary with the prevalence of clan culture. A possible explanation is that clan-based
organizations are generally used by acquaintances within the clan rather than by the general
public.

With more complete firm-level datasets and more careful modeling of firm behavior, future
studies may further investigate the effects of the CDCC program on other economic outcomes,
such as firm productivity, innovation, and export. Understanding these effects of the program

may provide important development policy insights for developing and transitioning countries

6 We agree that our exercise is limited and that future research could benefit from a more carefully crafted research
design to investigate this issue further. Nonetheless, we believe that our study provides valuable insights into how
the CDCC program worked in different cultural contexts.



lacking credit information sharing arrangements, such as Cameroon, Mozambique, Rwanda,
and Sierra Leone. In addition, future studies may investigate how credit information
arrangements and other informal institutions such as corruption, political ideology, and culture

affect each other and the process of economic development.
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Figure 1 The trends in unreliable enterprises and dishonest judgment debtors
Note: The data on unreliable enterprises and dishonest judgment debtors are crawled from the national credit
websites (www.creditchina.gov.cn and www.gsxt.gov.cn). Panels A and B plot the trends in the average numbers of

unreliable enterprises and dishonest judgment debtors per 1,000 population, respectively. The solid and dashed lines



represent pilot and nonpilot cities, respectively.

Table 1 Differences in predetermined socioeconomic variables

(1) @) (3)
Variable Non-pilot cities  Pilot cities Difference
Log of GDP 16.33 17.16 -0.83***
(1.10) (0.95) (0.18)
Proportion of employees in the secondary industry 42.57 53.79 -11.22%%*
(13.90) (12.84) (2.31)
Proportion of employees in the tertiary industry 53.83 45.05 8.78*H*
(12.80) “11.86) (2.12)
Log of government expenditure 13.45 14.48 -1.04%%*
(1.18) (1.19) (0.20)
Natural population growth rate 5.6) 5.86 -0.26
(.21 (4.09) (0.65)
Log of the number of schools J3F 541 -0.05
0.97) (0.69) (0.16)
Log of the number of hospitals 5.33 5.20 0.13
(1.01) (0.63) (0.16)
Log of Nitrogen oxides emissions 10.29 10.07 0.22
(1.37) (0.86) (0.22)
Log of Sulfur dioxide emissions 11.592 11.799 -0.206
(1.5 (0.85) (0.24)
Log of industrial dust emissions 10.287 10.070 0.218
(1.37) (0.86) (0.22)
Mobile phone penetration rate 1.053 1.588 -0.535
(2.21) (1.84) (0.35)

Note: Columns (1) anc (. o1. ~~.. the means and the standard deviations of the socioeconomic variables in 2011 for
the pilot and non-pilot cities respectively. Column (3) presents the differences in the variables between the two

groups and the associated standard errors.

Table 2 Summary statistics

Variable Observation ~ Mean Std Min  Max
Major variables
Survey year 32,048 2015 2181 2011 2019
CDCC program 32,048 0.155 0.361 0 1
Entrepreneurship 32,048 0.220 0.414 0 1
Log of entrepreneurial investment 32,048 0.414 1.004 0 1151
Log of entrepreneurial revenue 32,048 0.389 0.851 0 6.22
Log of entrepreneurial profit 32,048 0.517 1.141 0 7.6
Formal enterprise 32,048 0.028 0.164 0 1



Informal enterprise 32,048 0.208 0.406 0 1
Big enterprises 32,048 0.047 0.211 0 1
Small enterprises 32,048 0.197 0.397 0 1
New enterprise 32,048 0.077 0.266 0 1
Old enterprise 32,048 0.159 0.365 0 1
Entrepreneurial loan 32,048 0.058 0.234 0 1
Accounts receivable 21,899 0.093  0.290 0 1
Bank loan interest rate 622 5136  3.935 0 17.3
City characteristics

DIFI index 32,048 188.836 58.575 24.37 321.6
Cumulative turnovers of mayors 32,048 2.032  1.606 0 9
Cumulative turnovers of party secretaries 32,048 1.056 0.847 0 3
Number of genealogies/100 32,048 1.820 3.147 0 14.21
Number of Buddhism temples/100 32,048 120y 1619 0.01 1435
Number of Confucian temples/100 32,048 D145 0.129 0 0.72
Household head characteristics

Age 32,046 4231  7.957 19 54
Female 32,04P 0.271  0.445 0 1
Married 2248 0.890 0.312 0 1
Communist membership 32,048 0.151 0.358 0 1
Urban hukou 32,048 0.622  0.485 0 1
Years of education 32,048 11.265  3.405 1 16

T=ble ? Baseline results

VARIABLES Entrepreneurship Zntrepreneurial investment

) ) ) 4)

CDCC program  0.024***  (.224***  (0.109*** 0.109***

0.0y, (0.009) (0.031) (0.031)

Observations 32,043 32,048 32,048 32,048
R-squared 0.726 0.726 0.661 0.661
Household FE YES YES YES YES
Year FE YES YES YES YES
City FE YES YES YES YES
Other controls NO YES NO YES

Note: The dependent variable in Columns (1) and (2) is the dummy variable for entrepreneurship. The dependent
variable in Columns (3) and (4) is the logarithm of one plus entrepreneurial investment. The key independent variable
is the dummy variable for the CDCC program. Other control variables include household heads' age, marital status,
hukou type, and communist party membership. Standard errors in parentheses are clustered at the city level.

***significant at 1% level, **at 5%, *at 10%.

Table 4 Potential mechanisms



@ (2) (3)

Enterprise loan  Enterprise loans

VARIABLES ) Accounts receivable
interest rate (all sources)

CDCC program -2.365* 0.010* 0.017*

(1.282) (0.006) (0.010)

Observations 229 32,048 18,768
R-squared 0.554 0.537 0.684
Household FE YES YES YES
City FE YES YES YES
Year FE YES YES YES

Note: The dependent variables in Columns (1) to (3) are the interest rate of er .erp. ‘se 10ans, the dummy variable for
having enterprise loans from banks or other private sectors, and the dumm=- -ra1.." ie for having accounts receivable,

respectively. The sample sizes vary across the regressions due to data ava.'abili .y. Standard errors in parentheses are

clustered at the city level. ***significant at 1% level, **at 5%, *at 10%.

Table 5 Frn. ~omposition

@ ) @) (4) ©) (6)
Formal Infc mal Big Small New Old

enterprise enter:vise enterprise  enterprise  enterprise  enterprise

CDCC
0.021*** 1003 0.004 0.020***
program 0.019*** 0.005
(0.008" (0.010) (0.006) (0.009) (0.006) (0.007)
Observations 2200 32,048 32,048 32,048 32,048 32,048
R-squared 0.5¢) 0.708 0.620 0.700 0.506 0.703
Household
FE YES YES YES YES YES YES
City FE YES YES YES YES YES YES
Year FE YES YES YES YES YES YES

Note: The formal enterprise indicator takes a value of one if the household runs a formal enterprise and zero if the
household does not run businesses or runs a business without formal organizations. The informal enterprise indicator
takes a value of one if the household runs a business without formal organizations and zero if the household does
not run businesses or runs a formal enterprise. The indicators for small, big, old, and new enterprises are defined

similarly. Standard errors in parentheses are clustered at the city level. ***significant at 1% level, **at 5%, *at 10%.

Table 6 Firm performance



() )
VARIABLES  Entrepreneurial revenue  Entrepreneurial profit

CDCC program 0.089*** 0.077***
(0.028) (0.025)
Observations 32,048 32,048
R-squared 0.710 0.688
Household FE YES YES
City FE YES YES
Year FE YES YES

Note: The dependent variables in Columns (1) and (2) are the logarithm of o, nlus entrepreneurial revenue and
profit, respectively. Standard errors in parentheses are clustered at the city leve.. = “*significant at 1% level, **at 5%,

*at 10%.

Table 7 Interactions between for ~«al and informal institutions

Entreprener.shi) Entrepreneurial investment

(1) @) 3) @) () ©6)
CDCC program 0.050%** 0 g3 .*¥*¥>  (.028%** (.183%** (.131*** (.113***

(0.015) 0. (0.011) (0.052) (0.034) (0.041)
CDCC program

. -0.166* -0.480*

*#Confucian temples

(0..27) (0.268)
CDCC program

. ) -0.005* -0.015*
*#Buddhism temples
(0.003) (0.0006)
CDCC program
. -0.001 -0.001
*#Genealogies
(0.003) (0.009)

Observations 32,048 32,048 32,048 32,048 32,048 32,048
R-squared 0.726 0.726 0.726 0.661 0.661 0.661
Household FE YES YES YES YES YES YES
City FE YES YES YES YES YES YES
Year FE YES YES YES YES YES YES

Note: The dependent variable in Columns (1) to (3) is the dummy variable for entrepreneurship. The dependent
variable in Columns (4) to (6) is the log of entrepreneurial investment. We interact the CDCC program indicator and

the numbers of Confucian temples, Buddhism temples, and Genealogies (divided by 100). Standard errors in



parentheses are clustered at the city level. *** indicates significance at the 1% level, ** at 5%, and * at 10%.
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Note: The figure plots event-strly es. mates of py for entrepreneurial outcomes using the specification in equation
(2). The dependent variable” 1 Manels A and B are the dummy variable for entrepreneurship and the logarithm of
entrepreneurial investr .. ¢ 1c ~_ctively. Event time is defined relative to the time when the CDCC program was
implemented. The omitted c stegory is the implementation year of the CDCC program and the year before its
implementation. Vertical lines indicate the 90 percent point-wise confidence intervals. The Standard errors in

parentheses are clustered at the city level.
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Figure A2 Macebo test
Note: The figure shows the histograms of placeb. tres.ment effects. We randomly assign 11 cities as the first batch
of pilot cities (treated in 2015) and assign arnther 30 c..ies as the second batch of pilot cities (treated in 2016). We
then determine treatment status according to the 'acebo years and estimate the placebo treatment effect using the

baseline specification. We repeat this exercise 100 times and plot the distributions of the placebo treatment effects.

The thick line represents the true treat~ ent ¢.sct.
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Figure A3 Balance test 0. macroeconomic variables

Note: The figure shows the balancing of the mac. ~ecc «omic variables before and after propensity score matching.

Table /i1 1nt cities of the CDCC program

Policy
Pilot cities
year

Liaoning Shen, a..> Siandong Qingdao, Jiangsu Nanjing, Jiangsu Wuxi, Jiangsu Sugian, Zhejiang
2015
Hangzhou, z:. liang Wenzhou, Zhejiang Yiwu, Anhui Hefei, Anhui Wuhu, Sichuan Chengdu

Beijing, Inner Mongolia Hohhot, Hubei Wuhai, Liaoning Dalian, Liaoning Anshan, Liaoning
Liaoyang, Heilongjiang Suifenhe, Shanghai, Jiangsu Suzhou, Zhejiang Taizhou, Anhui Anging,
Anhui Huaibei, Fujian Fuzhou, Fujian Xiamen, Fujian Putian, Shandong Weifang, Shandong Weihai,
2016
Shandong Dezhou, Henan Zhengzhou, Henan Nanyang, Hubei Wuhan, Hubei Xianning, Hubei

Yichang, Hubei Huangshi, Guandong Guangzhou, Guangdong Shenzhen, Guangdong Zhuhai,

Guangdong Shantou, Guangdong Huizhou, Sichuan Luzhou

Table A2 Dishonest judgment debtors and unreliable enterprises

(D 2
VARIABLES  Dishonest judgment debtors  Unreliable enterprises




CDCC program 0.405*** 0.110***

(0.100) (0.027)

Observations 3,136 3,136
R-squared 0.621 0.592
Mean of Y 0.410 0.084
Year FE YES YES
City FE YES YES

Note: The dependent variables in Columns (1) and (2) are the average numbers of unreliable enterprises and
dishonest judgment debtors per 1,000 population in pilot and nonpilot cities, respectively. The data are crawled from
the national credit websites (www.creditchina.gov.cn and www.gsxt.gov.cn). " -andard errors in parentheses are

clustered at the city level. ***significant at 1% level, **at 5%, *at 10%.

Table A3 Demographic out 0. ~es

() ) ‘3 (4)
Urban  Community ) Years of
VARIABLES Married .
hukou  memb~rship education
CDCC program 0.006 " 0.7 0.012 0.039
(0.00v, 0.015) (0.009) (0.048)
Observations 32Mp 32,048 32,048 32,048
R-squared u..76  0.757 0.777 0.910
Household FE YOS YES YES YES
City FE YES YES YES YES
Year FE YES YES YES YES

Note: Standard errors in par.nu. ses are clustered at the city level. ***significant at 1% level, **at 5%, *at 10%.

Tables A4 Differential trends associated with predetermined city characteristics

Entrepreneurship ~ Entrepreneurial investment

(1) @
CDCC program 0.024** 0.119***
(0.010) (0.029)
Logarithm of GDP*Year trend 0.004 0.012
(0.007) (0.021)
Proportion of employees in the 2nd industry* Year trend 0.000 0.001
(0.001) (0.001)
Proportion of employees in the 3rd industry* Year trend 0.000 0.000
(0.001) (0.001)

Logarithm of government expenditure* Year trend -0.004 -0.015



(0.005) (0.016)

Observations 30,748 30,748
R-squared 0.726 0.662
Household FE YES YES
City FE YES YES
Year FE YES YES

Note: The dependent variables in Columns (1) and (2) are the dummy variable for entrepreneurship and the logarithm
of entrepreneurial investment, respectively. The regressions control for the interaction terms between survey year
and the city-level socioeconomic variables in 2011, including the logarithm of GDP, the proportion of employees in
the secondary industry, the proportion of employees in the tertiary industry, and the logarithm of government
expenditure. Standard errors in parentheses are clustered at the city level. ***s, aificant at 1% level, **at 5%, *at

10%.

Table A5 Other confoun.'ing factors

Business Three- F-commerce
Digital Leader
Registration  in-One Der ionstration
finance turnovers
reform 1° nse City
) 2) 3 “ (%
Panels A. Entrepreneurship
CDCC program 0.024%** 2024k (0,024%** 0.024%*% () (24%**
(0.009) (0.009) (0.009) (0.009) (0.009)
Business Registration Reform 010
1.047)
Three-in-One License Reform -0.007
(0.031)
E-commerce Demonstrs .. Ci. -0.001
(0.015)
DIFI index 0.000
(0.001)
Secretary turnovers 0.001
(0.004)
Mayor turnovers -0.000
(0.007)
Observations 32,048 32,048 32,048 32,026 32,048
R-squared 0.726 0.726 0.726 0.726 0.726
Panel B. Entrepreneurial investment
CDCC program 0.108*** 0.109***  0.109*** 0.103%***  (0.111%***
(0.031) (0.030) (0.030) (0.028) (0.028)

Business Registration Reform 0.158



Three-in-One License Reform

E-commerce Demonstration City

DIFI index

Secretary turnovers

Mayor turnovers

Observations

R-squared

Household FE

City FE

Year FE

(0.104)

32,048
0.661
YES
YES
YES

-0.047
(0.081)

0.017

(0.037)

32,048 32,048

0.661 0.661
YES YES
YES YES
YES YES

0.002
(0.003)
-0.002
(0.011)
0.026
(0.020)

3. 26 32,048

u.ul! 0.661
NS YES
Y ES YES
YES YES

Note: The dependent variables in Panels A and B are the dummy

entrepreneurial investment, respectively. Column (1) controls for .he du.amy variable for the Business Registration
Reform. Column (2) controls for the dummy variable for tl e ¢ {h -ee-in-One License” Registration System Reform.
Column (3) controls for the dummy variable for the E-cc. \merce Demonstration City program. Column (4) controls
for the DIFI index, which accounts for the devel- omer t of digital finance. Column (5) controls for the cumulative

turnovers of municipal party secretaries and mayors. ."tandard errors in parentheses are clustered at the city level.

***significant at 1% level, **at 5%,

*at 10%.

ariab : for entrepreneurship and the logarithm of

1.hle A6 Sample selection

Excludin» Including  Excluding
Excluding Matching Administrative
first-tiey rural agricultural
migrants DID rank
ritigy samples activities
(1) ) G3) 4) ) (6)
Panels A. Entreprenel;ship—
CDCC program 0.021* 0.027** 0.021** 0.016* 0.017* 0.027%**
(0.012) (0.011) (0.009) (0.009) (0.009) (0.009)
Provincial-level city 0.002
*Year trend (0.006)
Provincial capital city -0.006
*Year trend (0.007)
Observations 27,845 25,581 26,046 51,041 51,041 32,048
R-squared 0.721 0.724 0.728 0.713 0.711 0.726
Panel B. Entrepreneurial investment
CDCC program 0.111%%* 0.085%*  0.091%*%*  0.081***  (.084*** 0.128***
(0.028) (0.034) (0.026) (0.028) (0.028) (0.031)



Provincial-level city -0.035*

*Year trend (0.020)
Provincial capital city -0.019
*Year trend (0.024)
Observations 27,845 25,581 26,046 51,041 51,041 32,048
R-squared 0.657 0.657 0.664 0.649 0.647 0.661
Household FE YES YES YES YES YES YES
City FE YES YES YES YES YES YES
Year FE YES YES YES YES YES YES

Note: The dependent variables in Panels A and B are the dummy variable for entrepreneurship and the logarithm of
entrepreneurial investment, respectively. Column (1) excludes observations . ym first-level cities. Column (2)
excludes migrants. Column (3) presents the matching DID estimates. Colum-. («, incrudes observations from rural
areas. Column (5) excludes self-employment activities in the agric'tu. ' sector from the definition of
entrepreneurship. Column (6) controls for the interaction terms betwee. surs 2y year and the administrative rank

indicators. Standard errors in parentheses are clustered at the city level. - “*significant at 1% level, **at 5%, *at 10%.

Table A7 St~cg. red DID model

M 2
VARIABLES  Er‘reprenew.ship Entrepreneurial investment

CDCC program 0.026%** 0.115%**
(0.007) (0.023)
Observations 30,337 30,337
Yeu 75 YES YES
T.ose ~ U FE YES YES

Note: The table presents the 1 )bust staggered DID estimates proposed by Borusyak et al. (2021). The sample size is
smaller than the baseline regression because of the exclusion of observations with the "bad comparison" problem.
Standard errors in parentheses are clustered at the city level. *** indicates significance at the 1% level, ** at 5%,

and * at 10%.

Table A8 Credit default risk

Economic ) Working
o BS Credit )
judicial ) ) Capital

o index loan ratio
arbitration Turnover
) 2 3) 4

CDCC program  -0.024**  0.315%**  0.021*  0.348**



(0.012)  (0.116)  (0.011)  (0.175)

Observations 34,224 22,264 12,203 23,439

R squared 0.535 0.600 0.720 0.606
Mean of Y 0.156 10.140 0.485 4.032
Year FE YES YES YES YES
Firm FE YES YES YES YES

Note: The data are from the CSMAR. The sample period is between 2012 and 2019. The dependent variables in
Columns (1) to (4) are the dummy variable for being involved in economic judicial arbitration, the BS index, the
credit loan ratio, and the working capital turnover, respectively. As financial information reported in the annual
reports of listed companies changes over time, the availability of data for different variables may vary, leading to
variations in sample sizes across the analyses. Standard errors in parentheses -e clustered at the city level. ***

indicates significance at the 1% level, ** at 5%, and * at 10%.

Table A9 Informal institutic a ¢ > :lation

(@) 2) ®)
Suddhism  Confucian

VARIABLES Genru. Jies  temples temples
Log of GDP 157 0056  0.020

(L.551) (0.299) (0.017)
Proportion of GDP in the secondary industry -0.024 0.002 0.000

(0.029) (0.018) (0.001)
Proportion of GDP in the third industry 0.038 0.034 0.000

(0.035) (0.022) (0.001)
Proportion of employees in the secon. ~ry industry ~ 0.091*** 0.030** 0.002***
(0.024) (0.012) (0.001)
Proportion of employees in th. third .adustry 0.046** 0.002 0.002***
(0.021) (0.013) (0.001)
Log of the number 01 ai."one.. judgment debtors 0.912*** 0.236** 0.013***
(0.293) (0.093) (0.004)

Log of the number of schools 0.434* 0.413***  0.047***
(0.222) (0.117) (0.007)
Log of government expenditure -0.290 0.391 0.003
(0.786) (0.385) (0.016)
Log of R&D expenditure -0.673 -0.860** -0.014
(0.637) (0.410) (0.017)
Population density 0.000 0.000 0.000
(0.000) (0.000) (0.000)
Natural population growth rate -0.105** -0.007 -0.001
(0.046) (0.029) (0.001)
Observations 288 288 288

R-squared 0.192 0.128 0.277




Note: The dependent variable in Columns (1), (2), and (3) is the number of genealogies, the number of Buddhist

temples, and the number of Confucian temples, respectively. ***significant at 1% level, **at 5%, *at 10%.

Table A10 Interactions between formal and informal institutions

Entrepreneurship Entrepreneurial investment
(M @ 3) “4) ®) (6)
CDCC program 0.056***  0.038***  0.025%* 0.179*%**  0.146%**  (0.098***

(0.016) (0.010) (0.012)  (0.040) (0.030) (0.035)
CDCC program

*#Confucian temples  -0.210%** -0.481%*
(0.089) (0.225)
CDCC program
*#Buddhism temples -0.009%** -0.026%**
(0.002) w.J07)

CDCC program
*#Genealogies -0.000 0.002

(0.003) (0.009)
Observations 32,048 32,048 02,048 32,048 32,048 32,048
R-squared 0.726 0.726 nT26 0.662 0.662 0.662
Household FE YES YES YES YES YES YES
City FE YES YES (ES YES YES YES
Year FE YES YES YES YES YES YES
Other Controls YES LES YES YES YES YES

Note: The dependent variable in Coi. mns (1) to (3) is the dummy variable for entrepreneurship. The dependent
variable in Columns (4) to (6) ‘s the .0og of entrepreneurial investment. Other controls include interaction terms
between survey year and the soci. sconomic variables that are significantly linked to informal institutions in the pre-
program period. Standdra “rrois 1n parentheses are clustered at the city level. *** indicates significance at the 1%

level, ** at 5%, and * at 10%/,

Highlights

1. China's reform used big data to enhance public credit information institutions.
2. Improved public credit institutions promoted entrepreneurial activities.
3. Reduced credit constraints and lowered business risks are potential mechanisms.

4. Informal institutions moderated the effect of public credit institutions.



