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Abstract 

This paper evaluates the impact of mobile cashless payment on credit provision 

to the underprivileged. Using a representative sample of Alipay users that 

contains detailed information on their consumption, credit, and investment 

activities, I exploit a natural experiment to identify the real effects of cashless 

payment adoption. In this natural experiment, the staggered placement of 

Alipay-bundled shared bikes across different Chinese cities causes exogenous 

variations of the payment flow. I find that the use of in-person payment in a 

month increases the likelihood of gaining access to credit in the same month by 

56.3%. Conditional on having credit access, a 1% increase in the in-person 

payment flow leads to a 0.41% increase in the credit line. Those who have 

higher in-person payment flow also use their credit lines more. Importantly, the 

positive effect of in-person payment flow on credit provision mainly exists for 

the less educated and the older, suggesting that cashless payment particularly 

benefits those who are traditionally underserved.  
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“Digital payments also generate real-time data on sellers’ businesses, the timing of cash flows, and 

buyers’ purchasing habits, allowing payment providers to offer credit, savings, wealth 

management, collections, insurance, and other financial services. Where credit was once the way 

to draw in customers and offer a panoply of financial services, payments may be a safer channel 

for such upselling.” 

-- Raghuram G. Rajan (2021). All Eyes on Digital Payments. 

 

It has always been hard to provide financial services to the underprivileged, and especially in 

terms of extending credit access. Overhead costs are high, given the small loan size, and there is 

wide information asymmetry between lenders and borrowers. Despite these frictions, both the 

public and private sector have proposed a variety of solutions based on novel mechanisms or new 

technologies. The microcredit movement, as perhaps the most notable example, has achieved huge 

impacts but also faces limitations in scalability, cost reduction, and sustainability (Helms et al., 

2006). New technologies, including better collection and use of rich data (Agarwal et al., 2021; 

Berg et al., 2020); more advanced credit risk models (Fuster et al., 2019, 2022); and financial 

accounts that are more accessible (Ouma et al., 2017) partially mitigate these limitations. However, 

nothing compares with cashless mobile payment, which makes effective use of a combination of 

these advancements. 2 Can it serve as a silver bullet and provide new opportunities for lending to 

the traditionally underserved? If so, how? 

I aim to provide causal evidence that more in-person cashless payment flows lead to more 

credit provision to the previously financially underserved in the real business environment. This 

is a challenging endeavor, and cannot be directly achieved by performing a predictive exercise 

using historical data or conducting a field experiment; the former suffers from the manipulation 

critique of Bjorkegren et al. (2020) and the latter usually involves only a small population and runs 

for a limited time. To address the empirical challenges, I combine a natural experiment and rich 

administrative data on a representative sample from the Alipay platform. Alipay is the largest 

 
2 First, payment records are by-products of daily purchases, which are rich, high frequency, and manipulation-proof. 
Second, cashless payment providers not only employ the most advanced machine learning and artificial intelligence 
technologies, but also have access to data that facilitate model training and fully empower predictive credit risk 
models. Third, mobile phones have been widely adopted globally, which lowers the adoption cost of mobile payment 
and renders it almost universally accessible. 
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digital payment services provider in China as of 2020 and has over 1 billion active users. I show 

that the in-person payment flow has a sizable impact on credit provision on both the extensive and 

intensive margins. This effect occurs through the channel whereby Alipay makes effective use of 

creditworthiness information on the payment flow. 

My study builds on two observations; the fast development of China’s cashless payment 

system and the rise of consumer lending by FinTech and BigTech3 companies in China. First, 

China’s cashless payment system and especially in-person mobile payments—achieved 

remarkable success in less than a decade, during a period in which China was massively shifting 

from a cash economy to a cashless economy. As of 2019, China’s mobile payment system leads 

in both user penetration rate and income-adjusted annual transaction value per user.4 Figure 1 

shows that from 2012 to 2018, the annual transaction volume of China’s mobile payment system 

increased from 4% of GDP to 302%, while the corresponding measure of US card payments stayed 

below 34% of GDP. China’s mobile payment market provides a unique setting to study the impact 

of cashless payment and has great implications for other countries and the future. 5 Second, at the 

same time, China has also become the largest market for both FinTech credit and BigTech credit, 

in which Alipay is the leading service provider (Cornelli et al., 2020). The Huabei credit line, 

which is a virtual credit card product provided by Alipay, is the largest consumer finance product 

in China as of 2020. It is also the credit product I will focus on in this study. In a representative 

sample of Alipay users, I find that 72% have access to a Huabei credit line, of which more than 

95% have used it at least once and have an average monthly credit usage of 533 CNY (roughly 80 

USD). The credit product is quite inclusive, even among users who do not have a bank-issued 

credit card on file; of those, 64% have Huabei credit line access. 

Despite these observations, establishing a causal relationship between cashless payment and 

BigTech credit provision is difficult. First, it requires an exogenous shock to cashless payment 

activity. Second, I need detailed individual-level data on payments, credit, and investments, as 

 
3 The dominant and largest companies in the information technology (IT) industry such as Alibaba, Alphabet (Google), 
Amazon, Meta (Facebook) and Tencent. 
4 See the World Economic Forum article by Katharina Buchholz, ”China is Fast Becoming the World Leader in Mobile 
Payment” (May 15, 2019). 
5 There has been a global trend of going cashless in in-person payments, and the pandemic might further speed the 
process. See the Forbes article by Len Covello, “How the Pandemic Made Contactless Payments the New Normal” 
(April 15, 2021). 
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well as information on their sociodemographic conditions. Third, in order to focus on the credit 

supply, I will have to exclude credit demand factors from the observed credit line. I address the 

first challenge by leveraging a natural experiment that provides exogenous variation of consumers' 

in-person Alipay payment, which is the staggered placement of Alipay-bundled shared bikes 

across different Chinese cities. I use the bike placement as an instrument. The usage of shared 

bikes nudges users to make more in-person cashless payments with Alipay, since both services 

require consumers to use the same scanning procedure of Alipay.  

To address the second challenge, I base my analysis on administrative data from Alipay, which 

cover a representative sample and contain detailed information on their personal characteristics 

and daily activities—consumption, credit access and usage, investments, shared-bike usage, and 

other relevant digital footprints. Linked household behaviors are measured at monthly frequency 

and recorded as individual-level panel data. A feature of the Huabei credit line enables me to 

address the third challenge; different from a traditional credit card, it requires no active application 

and consumers instantly learn their qualification status and approximate credit line. This feature 

allows me to identify the credit provision effect from the supply side, which is immune from 

endogenous credit application motives from the demand side (Brown et al., 2011; Han et al., 2009). 

I develop multiple tests to show the validity of the staggered placement of Alipay-bundled 

shared bikes in different cities as the instrument. I show strong supporting evidence that this 

approach is likely to satisfy both the relevance condition and the exclusion restriction. The 

relevance condition requires a strong first-stage relationship between city-level bike placement 

and the in-person payment flow of Alipay users living in the city. Evidence confirms this view. It 

easily passes the weak instrument criterion proposed by Stock and Yogo (2005) and satisfies the 

most recent tF procedure introduced by Lee et al. (2021). The exclusion restriction condition 

requires that bike placement affect the credit provision only through in-person cashless payment. 

I provide evidence to rule out potential concerns about city-level common factors that are 

correlated with both bike placement and credit provision, the direct credit-revealing effects of bike 

usage, and the mechanical effects of the bike placement process. 

The empirical findings are articulated with respect to three parts of the study. In the first, I 

show that the exogenous increase in a consumer’s in-person payment flow leads to more digital 

credit provided by Alipay and more credit take-up by the consumer. On the extensive margin, the 
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use of in-person payment in a month leads to a 56.3% increase in the probability of getting credit 

access in the same month. On the intensive margin, for those with credit access, a 1% increase in 

the in-person cashless payment flow results in a 0.41% increase in the credit line. Given the 

exponential growth of the digital payment market in China, the accompanying credit expansion 

should also be enormous. Both the learning-by-doing story and the credit supply mechanism 

predict that consumers will change their borrowing behaviors. I find that more in-person payment 

flow leads to more take-up of the credit, in both the in-person and online settings. A 1% increase 

in the in-person cashless payment flow leads to an increase in the share paid with a digital credit 

by 0.094% for in-person spending and by 0.030% for online spending.  

The second part of the paper investigates the channels through which the in-person cashless 

payment flow facilitates credit provision. I explore two channels: the information channel and the 

enforcement channel. I find large differences in the channels relied on by Alipay, a typical BigTech 

firm, and traditional banks. Since most banks do not have access to payment flow information on 

daily purchases, they usually rely on credit bureau information on credit usage and repayment or 

information revealed by the borrower in the application process. Self-reported information is 

unavailable for Alipay, so it relies heavily on information on payment flow. I show that this 

channel holds even when information on credit usage and repayment is controlled for. The 

enforcement channel, which nests collateral channel, arises when users rely more and more on the 

BigTech platform for daily activities. I use the consumer’s assets under management on Alipay as 

a proxy for collateral, since Alipay can potentially freeze the account if the user does not repay on 

time. I find that the payment flow information channel still holds when I control for this collateral 

proxy. Overall, these results suggest that the payment flow contains useful information for credit 

evaluation. 

In the third part of the paper, I investigate the implications of digital payment for financial 

inclusion. I find that the financially underserved gain more access to credit after the adoption of 

in-person cashless payment. I use a simple theoretical framework to explain why we should expect 

this. The traditional view in China is that the less educated and the older tend to be financially 

underserved. My data confirm this view: these groups have fewer financial activities and lower 

financial literacy. I find that they also have a higher share of in-person transactions of total 
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transactions. The exogenous increase in the in-person cashless payment flow results in an increase 

in credit provision mainly to the less educated and the older segments of the population. 

My paper contributes to the literature on the effects of payment technology adoption on 

consumers. So far, this literature has largely focused on the cost reduction effects of new payment 

products, but rarely on the value of the payment data accumulated as a result of digitalization. 

Digital payment products, including debit cards and mobile payments, can reduce transaction costs, 

monitoring costs, and travel costs, which leads to further changes in consumer banking (Mbiti and 

Weil, 2015); household savings (P. Bachas et al., 2021); risk-sharing (Jack and Suri, 2014; Riley, 

2018); risk-taking (Hong et al., 2020); consumption (Suri and Jack, 2016); crime-related risk 

(Economides and Jeziorski, 2017); and business growth (Agarwal et al., 2020; Beck et al., 2018). 

My paper is based on the analysis of a BigTech app, which provides not only payment services 

but also a large set of data-based financial services and daily-life services. This allows me to study 

the information value of the payment data, which is a new dimension rarely examined in the 

literature.  

My paper is also the first to take advantage of the nudge effect of digital service usage and 

employs a natural experiment to solve the endogeneity issues in studying the effects of digital 

payment adoption. Beshears and Kosowsky (2020) review the literature on nudging and point out 

that it is crucial to investigate its long-run effects, especially the non-targeted outcomes. My paper 

adds to this strand of the literature. The results show that the adoption of mobile payment has long-

lasting effects on both payment activity and consumer credit. The increased payment flow 

facilitates consumer credit provision, because it allows a BigTech firm to take advantage of the 

information contained in the digital payment flow, which goes beyond credit usage, repayment, 

and assets under management. Thus, my paper is also related to the discussion of data sharing and 

digital demand (Chen et al., 2021; Cong et al., 2021); the information channel in credit provision 

(N. Bachas, 2019; Chatterjee et al., 2020; He et al., 2021; Liberti & Petersen, 2019; Tang, 2019); 

the collateral channel in credit markets (Gambacorta et al., 2020; Kiyotaki & Moore, 1997; Mian 

& Sufi, 2011); the welfare impacts of information frictions in credit markets (DeFusco et al., 2021; 

Jansen et al., 2022); and the comparative advantages of FinTech and BigTech lending models 

(Beaumont et al., 2022; Liu et al., 2021). 
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My paper also contributes to the literature that investigates the linkage between innovations 

and financial inclusion. For example, studies have examined the effect of mobile financial services 

on saving by the poor (Ouma et al., 2017); the use of a secure payments infrastructure to assist the 

government in implementing antipoverty programs (Muralidharan et al., 2016); and the effects of 

digital banking on minimum-payment penalties (Choi and Loh, 2019); also see Karlan et al. (2016) 

for an extensive review. It is widely accepted that having better access to financial services can 

mean a lot for both consumers and merchants, and especially for disadvantaged groups (Célerier 

and Matray, 2019; Doornik et al., 2021; Hau et al., 2019; Karlan and Zinman, 2010; Reher and 

Sokolinski, 2021; Stein and Yannelis, 2020). My paper provides supportive evidence for this 

argument, whereby cashless payment facilitates credit provision to the underserved and increases 

credit take-up. An emerging literature uses predictive exercises to demonstrate the wide-ranging 

potential of digital footprints (Agarwal et al., 2021; Berg et al., 2020) and machine learning models 

(Di Maggio et al., 2021; Fuster et al., 2022) in credit evaluation and financial inclusion. My paper 

complements these studies by elucidating the financial inclusion implications of in-person cashless 

payment in the real business environment.  

An emerging literature examines the relationship between digital payment and digital credit. 

Berg et al. (2021) provide an extensive review of FinTech lending and highlight the importance of 

studying the role of payment data in the credit market. To my knowledge, this is the first paper to 

empirically reveal the causal effects of payment flow information on facilitating consumer credit 

provision. A recent theoretical paper by Parlour et al. (2020) studies a model of competition 

between financial intermediations for payment processing, in which the premise of the analysis is 

that payment flow data contain information on the consumer’s credit quality. My paper provides 

evidence that directly supports the paper’s premise regarding the informativeness of each 

consumer’s payment flow. Another closely linked paper is by Ghosh et al. (2021), who uncover 

the synergy between FinTech small-business lending and cashless payments using both theoretical 

and empirical analyses. In contrast, instead of analyzing lending to firms, my paper focuses on 

lending to consumers. I show that consumers are less strategic than firms when deciding whether 

to adopt cashless payment, and even a small nudge toward digital service usage can lead to a large 

shift in the long-run choice of payment instruments. The difference in setups results in opposite 

predictions. Ghosh et al. (2021)'s theory suggests that the better firms benefit more from cashless 



8 
 

payment adoption due to the information-revealing effect, whereas my paper suggests that it is the 

financially underserved who enjoy more credit provision after the adoption of cashless payment.  

The paper is organized as follows. Section I provides some institutional background on the 

Alipay platform and the dockless bike-sharing industry in China. Section II describes the data, and 

Section III presents the research design and provides evidence on the validity of the instrumental 

variable. The main empirical results are in Section IV, in which I analyze the relationship between 

cashless payment flow, credit provision, and financial inclusion. I conclude in Section V.  

I. Institutional Background 

China is rapidly becoming the world leader in mobile payment, and the path it takes is quite 

different from most. Unlike the mobile-phone-based payment system that relies on SMS text 

messages—e.g., M-PESA in Kenya—or card-complementing mobile payment systems, such as 

Apple Pay or Android Pay, China’s mobile payment system is based on so-called “super apps.” 

Among these the most notable are Alipay and TenPay, which provide an all-in-one digital 

experience to users with both in-house services and integrated third-party services. This paper 

studies mobile payment in China by analyzing Alipay’s proprietary data. 

A. The Alipay Platform 

Alipay is the largest digital payment services provider as measured by total payment volume 

in China, which reached RMB 118 trillion from July 2019 to June 2020. It is a third-party mobile 

and online payment platform launched by the Alibaba Group in China in 2004. As of late 2020, it 

had over 1 billion users, 80 million merchants, and more than 2,000 partner financial institutions 

for digital payment and digital financial services, including unsecured consumer credit. Alipay has 

always been the principal means by which buyers transact with sellers on Alibaba’s platforms 

since its launch. It has grown explosively since 2016, in both the number of users and transaction 

volume. 

China has switched from a cash economy to a cashless economy in less than one decade, during 

which Alipay has played an important role. Nowadays, consumers in China rarely carry cash. 

Instead, they use Alipay and TenPay to pay for almost everything, including taxis, bills, e-
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commerce purchases, and even purchases from small street vendors. Alipay has become a platform 

that enables merchants and consumers to complete transactions for almost all online and in-person 

payments. It also acts as a one-stop shop for digital payment, digital financial services, and a broad 

range of daily life services. Using Alipay, a consumer can access 1,000 daily life services and more 

than 2 million mini programs that provide mobility services, local services, municipal services, 

and many others, without having to download additional apps. 

In Figure A1, an illustration from the prospectus of the Ant Group lists the typical use cases 

available via the Alipay app. From the Ant Group’s standpoint, the foundation of all such services 

is digital payment; the provision of other digital financial services, including consumer credit, 

wealth management, and insurance, are based on it. Consumers could fund payments for major 

uses through the e-wallet account balance, the Huabei credit line, and linked bank card accounts. 

Here, Huabei is a virtual credit card that offers unsecured revolving credit services to qualified 

Alipay users for daily expenditures. In this paper, I measure Alipay’s credit provision based on 

access to the Huabei credit line. As of late 2020, it is the largest digital consumer credit product 

by credit balance in China. 

Huabei, as a credit line product, is totally virtual and can be accessed only via the Alipay 

platform. Unlike traditional credit cards, which require completing an application and waiting for 

the decision on credit access and, if successful, the credit line, Alipay users learn in real time 

whether they qualify for Huabei and roughly what the credit line is. Once an Alipay user is granted 

access to Huabei, her credit line is instantly available at the point of sale. The whole process is 

fully automatic. The minimum credit line is as low as 20 CNY (roughly 3 USD), and Alipay offers 

consumers an interest-free period of up to 40 days after the corresponding purchase. Consumers 

have the option to pay in monthly installments over 3 to 12 months after the interest-free period. 

From July 2019 to June 2020, the majority of Huabei users’ daily interest rates were approximately 

at or below 0.04%, and the average Huabei outstanding balance was around 2,000 CNY. 

B. The Dockless Bike-sharing Market in China 

The first dockless bike-sharing firm in China was ofo, which was founded in 2015 in Beijing. 

It started as a two-sided platform that enabled students to share their bikes and ride others’ bikes 
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on campus, and later shifted to a one-sided platform supplying GPS-tracked dockless bikes to users 

of its bike-sharing app (Cao et al., 2018).  

Unlike traditional bike-sharing systems that offer rental bikes that are docked in stations, 

dockless bike-sharing platforms offer users more convenient services. They can use bike-sharing 

apps or mobile wallet apps to scan the QR code on the bike’s smart lock and unlock an available 

shared bike in seconds. After finishing the trip in any authorized area, they can reset the lock easily; 

the bike is then available to other users. 

Since late 2015, the bike-sharing industry in China has attracted investment from venture 

capital (VC) funds and BigTech firms, and has undergone exponential growth (Figure A2). 

According to data from China’s transport ministry, there were 23 million shared bikes from 77 

companies in hundreds of Chinese cities as of early 2018, when ofo and Mobike accounted for 95% 

of the market in total.  

There were rises and falls among bike-sharing service providers. Although ofo was the first 

player in the bike-sharing industry and at one time dominated it, it later incurred a large amount 

of debt it was unable to pay, and had stopped operating bike rentals as of 2020. In contrast, 

Hellobike was a small bike-sharing provider in 2017, but has since become the largest bike-sharing 

service provider in the world as measured by the number of total rides in 2020.  

C. Digital Payment Competition and the Dockless Bike-sharing Market 

In 2013, non-cash retail payments in China amounted to less than RMB 50 trillion, and almost 

all were debit card or credit card transactions. At that time, in-person mobile payment services 

such as Alipay or TenPay accounted for only a tiny fraction of the non-cash retail transaction 

volume. The market size of in-person mobile payments grew gradually at first and took off quickly 

after 2016. As of 2019, non-cash retail payments in China exceeded RMB 350 trillion, with more 

than RMB 200 trillion attributable to in-person transactions made through mobile payment service 

providers. 

There are two major digital payment service providers in China, Ant Group which offers 

Alipay, and Tencent which offers TenPay. As of June 2020, Alipay was the largest digital payment 
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service provider as measured by total transaction volume, with a market share of approximately 

55%, and TenPay was the second-largest player in the industry, with a market share of about 40%. 

There has always been fierce competition between Alipay and TenPay, and both parties have 

invested extensive resources and funding to expand market size and gain market share.  

A strategic move by mobile wallets has been partnering with bike-sharing companies, since 

the digital payment system can provide infrastructure for bike-sharing services. The high-

frequency usage of bike-sharing services, in turn, can encourage users to adopt mobile wallet use 

for other payments in daily life.  

Because of the synergistic effect between digital payment and bike-sharing services, Alibaba 

and Ant Group invested more than 0.5 billion dollars in ofo and more than 3 billion dollars in 

Hellobike; ofo was once the largest player and Hellobike is now the largest player in the bike-

sharing industry. In return, these bike-sharing services are deeply bundled with Alipay. By taking 

advantage of the mini-programs within the Alipay system, Alipay users can unlock shared bikes 

by scanning the QR code on the bike with Alipay directly, without downloading the specific bike-

sharing app or manually entering personal information. This relationship is exclusive; a WeChat 

user is unable to directly unlock a shared bike operated by Hellobike using TenPay. What is more, 

for Alipay users who have a high enough credit score in Alipay’s credit scoring system, the deposit 

for using shared bikes can be waived. According to the IPO prospectus of Hello Inc., the company 

operates Hellobike, “The popularity of our service and our rapid business expansion, in turn, 

contribute to the prosperity of the ecosystem built upon such payment and digital infrastructure.”  

From 2016 to 2020, both the bike-sharing market and the mobile payment market experienced 

booms. This provides a unique setting to study the causal effects of cashless payment since the 

staggered placement of Alipay-bundled shared bikes across different Chinese cities brought 

exogenous adoption shocks to Alipay users living in different cities.  

II. Data Description 

It has always been challenging to obtain a suitable data set to study the relationship between 

payment flow and consumer lending. It requires granular data with linked payment and credit 

information. It is even harder to study it in a dynamic setting. I overcome these challenges by using 
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proprietary panel data at individual and year-month level from Ant Group, which contain detailed 

information on not only broad payment and credit activities, but also rich personal characteristics. 

The main dataset used in the study consists of panel data that include 41,485 randomly selected 

Alipay users who have at least one in-person transaction in the sample period of May 2017 to 

September 2020. For each user, I observe both the static characteristics of gender, education, year 

of birth, and so on, and time-varying measures, such as in-person payment flow, online payment 

flow, bike-riding activity, credit provision, and credit usage. Another important dataset used in the 

study consists of city-level panel data on the placement of Alipay-bundled shared bikes. 

Table 1 reports a summary of the distribution of the sample in multiple dimensions. The first 

set of characteristics is at the individual level and covers 41,485 Alipay users. The average user in 

the sample was born in 1983, with payment activities in 32 months out of the 41 months from May 

2017 to September 2020. Roughly 54% of users in the sample are male. About 88% of sampled 

users do not have a bachelor’s or higher degree, and 29% of users used Alipay-bundled shared 

bikes at least once during the sample period. The second set of measures is at city and year-month 

level. In the average sampled month, the average city has a log transformed number of placed 

shared bikes of 7.08. The third set of variables is at individual and year-month level. In the average 

sampled month, the average user has a 62% probability of having access to Alipay’s virtual credit 

card, a log-transformed credit line of 7.88, a log-transformed in-person Alipay payment amount of 

5.70, and a log-transformed online Alipay payment amount of 5.76, where the credit line and 

payment flows are measured in CNY. For the average user in the average month, 34% of in-person 

Alipay payments and 33% of online Alipay payments are paid using the virtual credit card, and 3% 

of in-person Alipay payments and 1% of online Alipay payments are for compulsive spending, 

including cigarettes, games, lotteries, or live streaming services. 

Alipay was widely adopted and intensively used by consumers at the end of my sample period. 

As of September 2020, the median size of a sampled user’s assets under management in Alipay 

wallet was 8 yuan, and the average size was 5,521 yuan. The median is small since many users do 

not keep a positive balance on their Alipay accounts and use linked bank cards to make purchases 

instead. In my data, the median monthly Alipay transaction amount was 238 yuan at the end of the 

sample period, and the average was 2,628 yuan. As a comparison, the average per capita monthly 

disposable income in China was 2,682 yuan in 2020. 
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III.  Research Design 

Several endogeneity issues arise in addressing the causal relationship between cashless 

payment and credit provision. For example, simultaneity can arise when there is synergy between 

the adoption of cashless payment and credit provision by the payment service provider (Ghosh et 

al., 2021) or other factors that may simultaneously affect payment and credit. Omitted variables 

that potentially bias the estimates can also be present.  

Exogenous variations in digital payment adoption can help address these issues. However, they 

are in general hard to identify, especially in countries with developed financial systems and widely 

adopted digital payments. For example, debit and credit cards are already quite popular and 

accessible in the US, and thus cashless payment activity is endogenously determined; those who 

use cards for daily purchases are notably different in nature from those who use cash. In contrast, 

mobile payment is quickly being adopted in China and provides a unique setting to generate 

exogenous variations in cashless payment adoption across different cities over time. I explain how 

I address endogeneity issues using an instrumental variable approach in this section.  

A. Preliminary Analysis 

This subsection provides some direct empirical evidence that supports the story illustrated in 

Figure 2. I use the placement of Alipay-bundled shared bikes across cities as a novel instrumental 

variable to solve endogeneity issues. Although Alipay, the mobile payment leader in China, grew 

rapidly in recent years, there were also staggered placements of Alipay-bundled shared bikes 

across different cities; this led to exogenous shocks to bike users’ adoption of Alipay. When there 

are more Alipay-bundled shared bikes placed in the city, the bike-sharing service becomes more 

valuable for bike users, which in turn motivates them to use Alipay more frequently to unlock 

bikes by scanning the QR code on the bike. This frequent usage of Alipay nudges users to gain 

trust in Alipay and be comfortable using it not only for bike-related spending but also for other in-

person payments. After all, scanning the QR code on a shared bike to unlock it and scanning the 

QR code of a merchant to make a payment are the same in terms of the procedure. 

I provide direct evidence for the logic flow illustrated above, which can be used as a sanity 

check. First, I show that when more Alipay-bundled shared bikes are placed in a city, individuals 
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living in that city have higher bike-riding activity. Second, I show that after an individual adopts 

the use of shared bikes, her in-person payment flows that are unrelated to shared bikes are likely 

to increase abruptly. 

Table 2 presents ordinary least squares (OLS) estimates from regressions that focus on the 

sample of Alipay users who have used a shared bike at least once in the sample period, and 

Columns (2) and (3) focus on the months in which bike users use bikes. The results show the 

positive relationship between the city-level placement of shared bikes and individual-level usage 

of shared bikes on both the extensive margin and intensive margin. The estimates suggest that on 

the extensive margin, for sampled bike-riding Alipay users living in city 𝑐, having a 1% increase 

in city-level bike placement in city 𝑐 in month 𝑡 increases a user’s probability of using shared bikes 

by 0.028%. On the intensive margin, for bike users in the months they use bikes, the 1% increase 

in bike placement in month 𝑡 leads to an increase in the bike user’s number of bike rides of 0.082% 

and an increase in her total distance for bike rides of 0.120% in month 𝑡. When more bikes are 

placed in a city, finding an available shared bike becomes easier for bike users, and they are 

expected to have higher bike-riding activity. In addition, as Cao et al. (2018) demonstrate, since 

the dockless bike-sharing system is a one-sided network with positive network effects, there might 

also exist indirect effects, whereby more bike-riding activity by one user also increases others’ 

bike-riding activity. Both the direct and indirect channels lead to a positive relationship between 

the city’s bike placement and the bike-riding activity of bike users living in the city. 

Next, I provide evidence on the nudge effect of shared-bike adoption on in-person payment 

activity. Table A1 shows the strong correlation between bike usage and in-person cashless 

payment flow with regressions. This does not evolve in a gradual manner. Figure 3 is a graphical 

illustration of the effects of bike adoption on in-person payment flow that is unrelated to the use 

of Alipay-bundled shared bikes. It uses an event study framework, in which the event for individual 

𝑖 is her bike adoption and 𝑡 corresponds to the number of months after the individual’s month of 

the first use of Alipay-bundled shared bikes. The reference time 0 indicates the end of the month 
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of each user’s bike adoption. The figure plots the 𝛽𝜏 coefficients estimated in the regression:  

 log(1 +  𝐼𝑛 𝑃𝑒𝑟𝑠𝑜𝑛 𝑁𝑜𝑛 𝐵𝑖𝑘𝑒 𝑃𝑎𝑦𝑚𝑒𝑛𝑡 𝐹𝑙𝑜𝑤)𝑖,𝑡

= 𝛼0 + ∑ 𝛽𝜏 ∙ 𝕝(𝑡 = 𝜏) ∙ 𝕝(𝜏 ≠ −1) +

4

𝜏=−5

𝛽5 ∙ 𝕝(𝑡 ≥ 5) + 𝛿𝑖 + 𝜇𝑡

+ 𝜀𝑖,𝑡 

(1) 

where 𝛿𝑖 represents city fixed effects and 𝜇𝑡 represents year-month fixed effects. For each bike 

user, the sample only covers periods in which the event time 𝑡 is not earlier than -5. Compared 

with the benchmark month, in-person non-bike payment flow increases by more than 80% in the 

month of shared-bike adoption and stays at a level more than 30% above the benchmark level in 

the following months. Although the bike-adoption decision itself is endogenous, this sharp contrast 

of in-person non-bike payment flow before and after shared-bike adoption suggests that it is the 

use of Alipay-bundled shared bikes that leads to a shift in payment habits. Otherwise, the change 

should not be so abrupt around the heterogeneous shared-bike adoption date of users, especially 

with respect to individual and year-month fixed effects. This phenomenon is likely to be caused 

by switching from paying with cash or other payment instruments to paying with Alipay, rather 

than by sharply changing the level of consumption after shared-bike adoption. Note that this is not 

mechanically driven by the people who register for Alipay only to gain access to Alipay-bundled 

shared bikes. As Figure A3 shows, the vast majority of sampled Alipay users either adopt Alipay-

bundled shared bikes after being an Alipay user for more than 1 year or do not use the shared bikes 

at all in the sample period, and only 1% of users start to use Alipay-bundled shared bikes in their 

first year of Alipay usage. Thus, the mechanical effect should be negligible. 

B. Validity of the Instrumental Variable 

In this subsection, I provide empirical evidence that supports the use of city-level bike 

placement as a valid instrument for individual-level in-person cashless payment that is likely to 

satisfy both the relevance condition and the exclusion restriction condition. First, I find a strong 

relationship between bike placement in a city and the in-person cashless payment flow of Alipay 

users living there. Second, I show that bike placement is likely to affect Alipay credit provision 

only through in-person cashless payment.  

The Relevance Condition 



16 
 

There are concerns that city-level bike placement might not be a strong instrument for 

individual-level in-person cashless payment flow, especially when granular controls are added. 

The data show that this relevance condition can be robustly satisfied, and the results suggest that 

bike placement acts as an exogenous shock to Alipay users’ in-person payment through the nudge 

effect described in the preliminary analysis. 

Panel A of Table 3 shows the effects of city-level placement of shared bikes on individual-

level in-person payment flow. Column (1) shows that when the bike placement of city 𝑐 in month 

𝑡 increases by 1%, the in-person payment flow of the individuals living in the city increases by 

0.039% on average. The relationship is quite strong, even when both individual and year-month 

fixed effects are controlled for and when standard errors are double clustered by city and year-

month levels. Individual fixed effects can capture the time-invariant determinants of in-person 

payment activities for everyone—such as financial literacy, digital literacy, and wealth level—

while year-month fixed effects can capture the time-varying determinants of in-person payment 

activity, such as workday effects and holiday effects. Given that the F-statistic is as high as 40.7 

and the t-statistic of the coefficient estimate is 3.9, it can easily pass the weak instrument criterion 

proposed by Stock and Yogo (2005) and satisfy the most recent tF procedure introduced by Lee et 

al. (2021).  

A closer look in column (2) reveals that this positive relationship between bike placement and 

in-person payment flow only exists for bike users, but not for users who have never used Alipay-

bundled shared bikes. This result can be regarded as a placebo test that supports the view that it is 

bike placement that affects Alipay users’ in-person payment through bike usage. And it makes 

sense that for non-bike users—especially those who do not know how to ride a bike—regardless 

of how many shared bikes are placed around them, their payment activities should not be directly 

impacted. This test also helps rule out stories whereby the positive relationship is driven by some 

unobserved common factors that affect the whole population in the local area—e.g., local growth 

potential or local infrastructure plans—and that simultaneously correlate with the city’s bike 

placement and city residents’ in-person payment flow.  

Column (3) shows the results of the regression with a specification that further adds city times 

year-month fixed effects, which remove all unobserved time-varying heterogeneity across cities, 

such as differences in local business cycles, different levels of local Alipay penetration, different 
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local trends in bike placement, or aggregate variations that could arise from the placement of 

shared bikes. Identification of the coefficient relies on comparing the in-person payment flow of 

bike users in response to bike placement with that of a control group of non-bike users within the 

same city, with the static characteristics of the individuals controlled for at the same time. For bike 

users, a 1% increase in bike placement leads to a 0.077% increase in in-person payment flow. 

The intensive margin analysis also supports the mechanism whereby bike placement 

exogenously affects in-person payment flow through bike usage. Differences in the response of 

in-person payment flow to bike placement not only exist between bike users and non-bike users, 

but also before and after adoption of Alipay-bundled shared bikes within the same bike user. The 

corresponding results are shown in column (4) with the specification that focuses on bike users 

and controls for individual fixed effects and city times year-month fixed effects. Without the 

variation in bike placement, the bike-adoption decision itself does not have a significant effect on 

the in-person payment flow, which alleviates concern about selection issues in the endogenous 

timing of bike adoption. For bike users, after the bike adoption, a 1% increase in bike placement 

results in a 0.051% increase in the in-person payment flow.  

The Exclusion Restriction Condition 

The identifying assumption is that bike placement affects digital credit provision only through 

in-person cashless payment. Four major concerns arise regarding satisfaction of the exclusion 

restriction by using the bike placement instrument. The first concern is that there exist factors that 

correlate with bike placement and credit provision at the same time. The second concern is that 

the use of Alipay-bundled shared bikes can directly reveal the creditworthiness of consumers and 

affects Alipay’s credit provision. The third concern is that bike placement is predictable or 

clustered within a short time, which renders it not as exogenous as required. The fourth concern is 

that bike placement affects local economic conditions, which would lead to further changes in 

digital credit provision. I show that these issues are unlikely to be present. 

The first concern is the existence of common factors that are correlated with bike placement 

and credit provision at the same time. For example, some time-varying growth potential for a city 

could attract the attention of both bike-sharing companies and Alipay; as a result, the likelihood 

of bike placement and the level of credit provision would increase at the same time.  
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Panel B of Table 3 provides reduced-form results on the influence of bike placement on credit 

provision, and indicates that the positive relationship between bike placement and credit provision 

is unlikely to be driven by common factors unrelated to the bike-riding channel. Column (1) shows 

that the higher the bike placement shock in a city, the higher the credit line the individuals living 

in the city receive. In this setting, individual fixed effects and year-month fixed effects remove 

static heterogeneity across individuals and time-varying macroeconomic variations.  

I further separate Alipay users into bike users and non-bike users and explore the 

heterogeneous effects of bike placement on their digital credit lines in column (2). It shows that 

the reduced-form positive effect of bike placement on credit provision only exists for bike users. 

The fact that bike placement has a positive effect on one group but not on the other group can seem 

surprising, especially when the difference between the two groups is quite small. In the definition 

used here, the only difference between a bike user and a non-bike user is whether the person has 

used Alipay-bundled shared bikes at least once during the whole sample period. The suggested 

mechanism explains the phenomenon very well, whereby bike placement first leads to more bike 

usage, then increases in-person payment flow, and finally results in more credit lines. It also helps 

reject the story whereby some factors correlate with both bike placement and credit provision, 

since the usual common factors are unlikely to affect bike users and non-bike users in different 

ways—especially when it is extremely inexpensive for an Alipay user to be a bike user as defined 

herein. Column (3) shows that the effect of bike placement on the bike user’s digital credit line is 

still positive, despite the weaker significance after city times year-month fixed effects are included 

in the regression. 

Column (4) focuses on bike users and reports results of the regression with individual fixed 

effects and city times year-month fixed effects. Although the timing of bike adoption is 

endogenous, the dummy variable that indicates whether the bike user has adopted shared bikes 

does not imply a higher credit line, which suggests that the timing itself does not play an important 

role in credit provision. The interaction term of the dummy variable and the bike placement, 

however, has a significant positive effect on the credit line, and this is consistent with the bike 

usage channel documented above. 

Although the cost to become a bike user is low, one could argue that bike users and non-bike 

users have very different characteristics, and it is these associated characteristics, instead of bike 
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usage itself, that lead to the difference in the reduced-form effect of bike placement on credit 

provision. To rule out this channel, I first screen the personal characteristics that are strongly 

associated with the bike-user classification, then check the heterogeneous effects of bike placement 

on credit provision along these dimensions. Table A2 shows the regression results on the 

relationship between personal characteristics and the choice to become a bike user. Across 

different specifications, several personal characteristics are indeed correlated with the bike user 

dummy, including education, age, Alipay experience, gender, and indicators for whether paying 

with the user’s real name or whether using their own account. Table A3 reports the heterogeneous 

effects of bike placement on in-person payment flow and credit provision. The bike placement 

variable interacts with both the bike user dummy and the measure of personal characteristics 

selected from Table A2. Panel A reports the OLS regression results in which the dependent 

variable is log (1 +  𝐼𝑛 𝑃𝑒𝑟𝑠𝑜𝑛 𝑃𝑎𝑦𝑚𝑒𝑛𝑡 𝐹𝑙𝑜𝑤)𝑖,𝑡 , while Panel B shows the corresponding 

results in which the dependent variable is log (1 + 𝐶𝑟𝑒𝑑𝑖𝑡 𝐿𝑖𝑛𝑒)𝑖,𝑡. Each column uses a different 

personal characteristic measure. Even though personal characteristics such as education, age, and 

gender all seem to be much harder to change than the status of being a bike user, across all 

specifications, the heterogeneity mostly arises from the dimension of the bike-user dummy. These 

results suggest that it is the bike-usage-associated behaviors, instead of the selection issue, that 

matters most in the effects of bike placement on in-person payment flow and credit provision. It is 

unlikely that bike users are a special group of individuals who benefit from the shock to the Alipay 

credit line simply because they have different personal characteristics, especially when everyone 

can easily join this group. 

The second concern is about the direct revelation of creditworthiness by bike usage. Some 

institutional backgrounds and facts help alleviate this concern. First, Alipay is only a strategic 

partner with the bike-sharing companies and is unlikely to use third-party data directly as the model 

input. The bundling also seems to be limited, since the official bike apps support multiple mobile 

wallets and Alipay is not required for bike usage. Second, the cost of bike usage is very low, which 

renders the activity easy to manipulate. If the direct effect on credit provision is large and there 

exist some manipulations, the Alipay company, which is very sophisticated and advanced in 

technology, will fix those issues in equilibrium. The average cost of bike usage is as low as 0.23 

USD for the first 15 minutes and 0.08 USD per 15 minutes after that. The monthly unlimited plan 

is only 3 USD, which can be regarded as an upper bound for the monthly bike spending of a 
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rational user. Third, the user base is quite large, given that bike users are unlikely to be very 

selective. The size of the shared-bike user base in China is as large as 260 million as of late 2019, 

and Hellobike claimed to have over 400 million registered users as of 2021. 

Table 4 furthers shows that bike usage is more like a nudge for payment activity and credit 

line, instead of a proof of creditworthiness. I separate bike users into two categories: the one-time 

bike user who has used Alipay-bundled shared bikes only once during the whole sample period, 

and the repeat bike user who has used the bikes at least twice in the data. Even if bike usage itself 

reveals some information about creditworthiness in the long run, using the bike once should not 

be very informative. Columns (1) and (3) show that bike placement has no significant effect on in-

person payment flow and the credit line of the non-bike users, but has strong positive effects on 

in-person payment and credit line of one-time bike users, even though the difference between these 

two groups is only one bike-riding activity. Moreover, although the effects are stronger for repeat 

bike users, the difference in the effects between one-time bike users and repeat bike users is 

relatively small. Columns (2) and (4) indicate that the patterns are very robust, even when city 

times year-month fixed effects are added to the specification. 

The third concern is about the bike placement process. If it is a predictable process or is 

clustered within a short period for all cities, it is more likely that it will correlate with other factors 

that are associated with credit provision. From the perspective of bike-sharing companies, it is 

more beneficial for them to make bike placement a staggered and unpredictable process, and the 

empirical evidence supports this. There is anecdotal evidence that what bike-sharing companies 

care most about is local competition and their own operational efficiency, and this could lead to 

heterogeneous overall strategies. For example, bike-sharing companies such as Mobike and ofo 

focused mostly on big cities in the beginning and gradually expanded to smaller cities, while 

Hellobike started bike placement in small cities first to avoid competition and then gradually 

expanded to larger cities. Regardless of which cities they decide to target first, bike-sharing 

companies always have an incentive to quickly place their shared bikes in the local market because 

it helps them build local market power and avoid competitors who may react strategically. Since 

there are capacity constraints for bike production, it is not feasible to put bikes in all targeted cities 

within a very short timeframe.  

Figure 4 plots the 𝛽𝜏 coefficients estimated in the following regression: 
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 𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝐵𝑖𝑘𝑒 𝑃𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡𝑐,𝑡

= 𝛼0 + ∑ 𝛽𝜏 ∙ 𝕝(𝑡 = 𝜏) ∙ 𝕝(𝜏 ≠ −1) +

4

𝜏=−5

𝛽5 ∙ 𝕝(𝑡 ≥ 5) + 𝛿𝑐 + 𝜇𝑡

+ 𝜀𝑐,𝑡 

(2) 

In the regression, 𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝐵𝑖𝑘𝑒 𝑃𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡𝑐,𝑡 is a measure with a range of [0,1], which 

is defined as 
𝐵𝑖𝑘𝑒 𝑃𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡𝑐,𝑡

𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝐵𝑖𝑘𝑒 𝑃𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡 𝑖𝑛 𝑆𝑎𝑚𝑝𝑙𝑒𝑐
, where 𝑡 corresponds to the number of months after 

each city’s month with the largest bike placement shock. 𝛿𝑐 is city fixed effects, 𝜇𝑡 is year-month 

fixed effects, and 𝜀𝑐,𝑡 is the error term that varies across cities and over time. The sample period is 

from May 2017 to January 2020, which avoids later COVID lockdown periods. For each city, the 

sample only covers periods in which t is not earlier than -5. The figure shows that the magnitude 

of the largest monthly bike placement shock is large—on average, around 25% of the maximum 

bike placement of the city during the sample period. Normalized bike placement on average rises 

by about 10% of the maximum bike placement in the 2 months immediately before the event of 

the largest monthly bike-placement shock. This pattern of bike placement is consistent with bike-

sharing companies’ strategic concerns. To address the fierce competition in the bike-sharing 

industry, once a company decides to enter a city, it is likely to place a lot of bikes in a short period 

to build up local market power.  

At the same time, the timing of the bike placement shock is hard for citizens to predict. Figure 

5 shows the monthly time series of the number of cities that are in their month of the largest bike-

placement shocks. The critical month for each city’s bike placement is distributed broadly over the 

sample period. This is consistent with the fact that there are capacity constraints on bike production 

and bike allocation. In that sense, placing shared bikes is like playing chess, in which the players 

target different cities during different periods. Once they decide on the cities to target, they place 

many bikes within a very short time frame. Since bike placement is quite staggered and the time 

of the largest bike placement shock spreads over time, it is hard for citizens of a specific city to 

predict shocks from the placement of Alipay-bundled shared bikes using only public information. 

The fourth concern is about the impact of the bike-placement shock on the local economy. 

Since dockless shared bikes offer great convenience to users and the number of bike users is large, 

some might worry that bike placement brings new business opportunities and affects the local 
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economy or fiscal policy, which further leads to an increase in credit provision. Table A4 shows 

the relationships between bike placement and the variables associated with local economic 

conditions. Under city fixed effects and year-month fixed effects, the coefficients for all 

specifications are small and insignificant, which indicates that bike placement is unlikely to have 

macroeconomic impacts.  

IV. Empirical Results 

This section first presents the results of the main specification, which investigates the causal 

effect of in-person cashless payment flow on BigTech credit provision and consumer take-up of 

the credit. It then demonstrates the importance of the payment information channel in facilitating 

BigTech credit provision. Finally, it illustrates the implications of in-person cashless payment flow 

for financial inclusion, whereby the traditionally financially underserved have a relative advantage 

in terms of the abundance of in-person cashless payment data, and as a result the causal effects of 

in-person payment on credit provision mainly hold for this segment. 

A. In-Person Cashless Payment Flow and Credit Provision 

Causal Effects of In-person Cashless Payment on Credit Provision 

To analyze how in-person cashless payment flow affects credit provision by BigTech, I 

estimate the effect using two-stage least squares regressions. In the first stage, the log-transformed 

in-person payment flow is instrumented with log-transformed city-level bike placement: 

 
𝑔(𝑖𝑝𝑓)𝑖𝑡 = 𝛼1 + 𝛽1 ∙ log(𝑏𝑝)𝑐𝑡 + 𝛿1𝑖 + 𝜃1𝑡 + 𝜀1𝑖𝑡 

(3) 

In the second stage, with the instrumented log-transformed in-person payment flow, I estimate 

its causal effect on credit provision variable using the following specification: 

 
Y𝑖𝑡 = 𝛼2 + 𝛽2 ∙ 𝑔(𝑖𝑝𝑓)𝑖𝑡̂ +𝛿2𝑖 + 𝜃2𝑡 + 𝜀2𝑖𝑡 

(4) 

And the corresponding ordinary least squares regression performed using the following 

specification: 
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Y𝑖𝑡 = 𝛼0 + 𝛽0 ∙ 𝑔(𝑖𝑝𝑓)𝑖𝑡 + 𝛿0𝑖 + 𝜃0𝑡 + 𝜀0𝑖𝑡 

(5) 

where log(𝑏𝑝)𝑐𝑡 is log-transformed bike placement in city 𝑐 at time 𝑡; 𝑔(𝑖𝑝𝑓)𝑖𝑡 is the transformed 

measure of the in-person payment flow of individual 𝑖 at time 𝑡; 𝑔(𝑖𝑝𝑓)𝑖𝑡̂  is the corresponding 

instrumented variable; Y𝑖𝑡 is the credit provision variable of individual 𝑖 at time 𝑡; 𝛿𝑁𝑖 (𝑁 = 1,2,3) 

represents individual fixed effects; and 𝜃𝑁𝑡 (𝑁 = 1,2,3) represents year-month fixed effects. 

Table 5 shows the results of the regressions specified in equations (3), (4), and (5), in which 

Panel A reports the estimated effects in the second stage of the two-stage least squares (2SLS) 

regression, Panel B reports the first-stage results of the 2SLS regression, and Panel C reports the 

OLS estimates. Columns (1), (2), and (3) focus on the extensive margin, where 𝐶𝑟𝑒𝑑𝑖𝑡 𝐴𝑐𝑐𝑒𝑠𝑠𝑖,𝑡 

is a dummy variable that equals 1 if Alipay user 𝑖 has access to Alipay’s virtual credit card at time 

𝑡 and 0 otherwise. Columns (4), (5), and (6) focus on the intensive margin and use only the sample 

in which users have credit access in the corresponding months, and log (𝐶𝑟𝑒𝑑𝑖𝑡 𝐿𝑖𝑛𝑒)𝑖,𝑡 is the log 

transformed credit line of Alipay user 𝑖’s virtual credit card at time 𝑡. In columns (1) and (4), 

𝑔(𝑖𝑝𝑓)𝑖𝑡 is the log(1+x) transformed in-person payment flow, measured in CNY; in columns (2) 

and (5), it is the dummy variable that indicates whether the in-person payment flow is positive; in 

columns (3) and (6), it is the log(x) transformed in-person payment flow, which is only available 

when the in-person payment flow is positive. All specifications include individual and year-month 

fixed effects. The granular fixed effects tightly control for heterogeneity across individuals, since 

the effect of bike placement is identified within each Alipay user. Panel A shows that having 

positive in-person payment flow in a month leads to a 56.3% increase in the likelihood of gaining 

credit access for an average Alipay user and a 203.3% increase in the credit line for a user who 

currently has credit access in the same month. Of those who have positive in-person payment flow 

in the month, a 1% increase in the in-person payment flow leads to a 0.087% increase in the 

likelihood of gaining credit access for an average Alipay user and a 0.409% increase in the credit 

line for a user who currently has credit access. Panel B reports both the t-statistic of the estimate 

in the first stage and the F-statistic of the regression, which indicates that the log-transformed bike 

placement is a strong instrument and successfully passes the weak instrument tests proposed by 

Stock and Yogo (2005) and Lee et al. (2020).  
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Panel C presents the OLS estimates, which are much smaller than the corresponding IV 

estimates. There are two potential reasons: (1) omitted variables and (2) the non-monotone 

payment-credit relationship. First, the OLS estimate can have a downward bias due to omitted 

variables, when people with less credit based on attributes unobservable to econometricians are 

more likely to make more in-person cashless payments. The econometric analysis of this issue is 

illustrated in Section A1 of the Appendix. One example of such omitted variables is a negative 

health shock, which would negatively impact the user’s creditworthiness due to a decrease in 

disposable income and positively affect the in-person payment flow because of spending on 

treatment and medicine. Second, the non-monotone relationship between credit provision and in-

person cashless payment flow can also lead to a downward bias. Below a certain threshold, more 

payment flow leads to more information acquisition by the BigTech firm, which in turn facilitates 

credit provision. However, above the threshold, more payment flow can be regarded as 

overspending, which causes the borrower to seem riskier and leads to a reduction in the BigTech 

credit provision. Empirical evidence that supports the non-monotone relationship is provided in 

Figure A4 and Table A5 of the Appendix. 

What is more, the patterns illustrated in Table 5 are very robust under various settings. Table 

A6 presents the results in which city times year-month fixed effects are added, and the interaction 

between the bike-user indicator and log-transformed bike placement serves as the instrument. It 

shows that even when unobserved time-varying heterogeneity across cities is removed, the in-

person payment flow shock still leads to more credit provision. Table A7 shows that the in-person 

payment flow also affects future credit provision. Table A8 reports results of regressions that 

control for the in-person payment flow in the past 1, 2, or 3 months. Table A9 and Table A10 

further add bike usage and online payment as controls. The effects of the concurrent in-person 

payment flow on credit provision are still robust, with similar magnitude across different 

specifications. 

Consumer Take-up of BigTech Credit 

The credit access and credit line discussed in the previous section are fully determined by the 

supply side, since no active application is required for Alipay users to use the virtual credit card, 

and they directly learn about their credit access and credit line by simply checking the account. 

The real effects of the changes in credit provision also depend on the demand side—that is, 
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consumer take-up of BigTech credit. It is natural to anticipate that more in-person payment flow 

leads to a higher fraction of spending paid for with the virtual credit card, both in-person and online, 

for two reasons. The first reason is the learning-by-doing channel, whereby people are more likely 

to use the virtual credit card when they have more knowledge about Alipay and more trust in 

Alipay. The second reason is the supply-side channel, whereby Alipay users might use the virtual 

credit card more frequently when they have a higher credit line.  

Results in columns (1) and (2) of Table 6 support the above view of consumer credit take-up. 

With an exogenous increase in the in-person payment flow, the share paid with Alipay’s virtual 

credit card increases for both in-person payment and online payment. The magnitude of the 

increase is larger for in-person payment.  

There are also concerns that consumers use digital payment more for compulsive spending, 

since more accessible payment methods might also make it easier for people to develop addictions. 

I find no evidence to support this view. Columns (3) and (4) show that the in-person payment flow 

does not result in a higher fraction of compulsive spending, in both in-person and online 

environments. 

B. The Payment Information Channel 

Channels for Credit Provision 

Two main channels facilitate the credit provided by financial intermediation: the information 

channel and the collateral channel. Both information sharing and the pledge of collateral help 

mitigate information asymmetry problems in the consumer lending market, including adverse 

selection and moral hazard. These channels can be further classified as follows. 

Information channels include: 

• Channel 1.1: Use the information on payment flow. 

• Channel 1.2: Use the information on credit usage and repayment. 

• Channel 1.3: Use the information on the application form. 

Collateral channels include: 

• Channel 2.1: Use the asset under management (AUM) in the platform as the collateral. 
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• Channel 2.2: Explicitly pledge assets as security for loan repayment. 

For banks that do not have borrower payment flow information, the payment flow information 

channel (channel 1.1) is usually not an option. Instead, the information actively provided by 

borrowers on the credit application form (channel 1.3) plays an important role before the borrower 

gains the credit access, and the information on credit usage and repayment behaviors (channel 1.2) 

becomes the most important channel for reducing information asymmetry after the borrower gains 

credit access. For secured loans such as mortgages, banks usually require borrowers to explicitly 

pledge the corresponding assets as security for the repayment of loans and forfeit the collateral in 

the event of default (channel 2.2).  

The BigTech company that provides the cashless payment service to borrowers has an 

advantage in the information flow channel (channel 1.1), whereby the rich information contained 

in the payment flows reveals valuable information on the borrower’s creditworthiness. In the 

specific setting of Alipay, there no application process is required to access a virtual credit card 

and the explicit pledge of collateral is not an option; thus channels 1.3 and 2.2 are unlikely to play 

a role in Alipay’s credit provision. Instead, information on credit usage and repayment (channel 

1.2) can be important, and the borrower’s AUM on Alipay’s wealth management (channel 2.1) 

might serve as collateral to facilitate credit provision, since the borrower might worry that the 

account could be frozen if they do not repay the credit in time.  

In this research, I focus on showing the importance of the payment flow information channel 

(channel 1.1) for credit provision by Alipay and show that the channel holds strongly, whereas 

channels 1.3 and 2.2 are unavailable and channels 1.2 and 2.1 are controlled for. 

Control for the Credit Use and Repayment Information Channel 

With the Alipay app, users have several options to make in-person and online payments. On 

the Alipay platform, they can use the e-wallet account balance, a liquid money market fund called 

“Yu’ebao,” or Huabei, Alipay’s virtual credit card. Although Alipay also supports payments using 

debit card or credit card accounts for some merchants, most transactions on the Alipay platform 

are paid for with these within-Alipay payment methods since they are cheap, convenient, and 

widely accepted. I define “in-person credit payment flow” as the amount of in-person Alipay 

spending paid for using Alipay’s virtual credit card, and this payment flow is directly associated 
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with credit usage and is highly relevant for the credit repayment flow. All other in-person payment 

flow is defined as the “in-person noncredit payment flow,” which does not have a direct 

relationship with credit usage and repayment. 

Table 7 shows the results of the 2SLS and OLS regressions with specifications similar to those 

of equations (3), (4), and (5), while replacing in-person payment flow with in-person noncredit 

payment flow, which excludes in-person Alipay payment flow paid for with the virtual credit card. 

This exclusion helps eliminate the effects of credit use and repayment on BigTech credit provision. 

Columns (1) and (3) show that the in-person noncredit payment flow has direct effects on BigTech 

credit provision, and indicates that even after controlling for the credit usage and repayment 

information channel (channel 1.2), the payment flow information channel (channel 1.1) still 

matters. However, there might be concerns that the in-person noncredit payment flow is correlated 

with the in-person credit payment flow, and the specifications in columns (1) and (3) fail to fully 

exclude the effects of credit usage and repayment. To alleviate concern about the correlation 

between payment flows, in the specifications of columns (2) and (4) the in-person credit payment 

flow is added as a control variable in all regressions. The results are still robust, with very close 

estimates. Moreover, in the second stage of the 2SLS regressions, the in-person credit payment 

flow does not seem to have a significant impact on credit provision, on both the extensive margin 

and the intensive margin. The estimated coefficients of the in-person noncredit payment flow 

measure are larger than those of the in-person payment flow measure in the analysis in Table 5, 

which indicates that in-person noncredit payment has larger effects than credit payment. This result 

is reasonable, since the usage of credit directly leads to a heavier repayment burden and riskier 

consumer profile, while usage of the account balance does not have a direct implication for the 

risk faced by the BigTech lender. 

Control for the Collateral Channel 

Although the explicitly pledged collateral for loan repayment (channel 2.2) is unavailable on 

the Alipay platform, the user’s assets under management in Alipay’s wealth management products 

can partially play the role of collateral, since the Alipay platform has the right to freeze the user’s 

account if she does not repay the loan on time. There is a concern that the BigTech credit provision 

to a user is largely driven by the size of her AUM instead of the information channels. To deal 

with this concern, the specifications that control for each user’s time-varying AUM are analyzed. 
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Table 8 shows that the relationship between in-person payment flow and BigTech credit 

provision is robust to adding the AUM variables as controls. Columns (1) and (3) use the definition 

of AUM as all assets in Alipay except for the account balance, while columns (2) and (4) use the 

definition of AUM as all Alipay assets including the account balance. Regardless of which 

specification is used, the AUM does not have a strong relationship with the credit provision 

variables, while the in-person payment flow has strong effects on credit provision on both the 

extensive margin and intensive margin. 

C. The Financial Inclusion Implications of In-person Cashless Payment  

A Theoretical Illustration of the Effects of a Cashless Payment Shock 

From a cash economy to a cashless economy, digitalization of the payment system can result 

in more information acquisition by the digital payment service provider and further facilitates 

credit provision. For many developing countries, this could occur in two steps. Banks take the first 

step by issuing cards and installing point-of-sale (POS) terminals. Since these banks are not very 

advanced or widely accepted, they usually only serve relatively wealthy customers and relatively 

large merchants. These customers can easily reveal signals that they are creditworthy and can 

generate higher expected profits for the banks. Similarly, these merchants have more demand for 

processing large-volume transactions and can afford the fixed and variable costs of accepting card-

based digital payments. The second step is taken by BigTech companies, which have more 

advanced technology, charge lower intermediation costs, and make it possible to cover a larger 

population—and especially the previously financially underserved. Wide adoption of the BigTech 

payment system can be regarded as a positive shock to the information acquired by financial 

intermediation about each customer in the overall population. This process of payment 

digitalization can have implications for financial inclusion, which makes it possible for relatively 

poorer people to gain credit access. 

To capture the intuition of how two-step digitalization of the payment system affects credit 

provision and financial inclusion, I use a theoretical example for illustration. 

In the economy, there is a lender and a continuum of borrowers. The type of borrower 𝑖 follows 

a uniform distribution between 0 and 1; that is, 𝜃𝑖~𝑈[0,1]. Given the type of borrower 𝜃𝑖, the 

lender chooses the optimal lending amount 𝑙𝑖 to maximize its expected profit. If the lender decides 
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not to lend, its profit is zero. When the lending amount is positive, there will be some uncertainties, 

and the expected profit will be type-dependent. For example, the interest rate will be different for 

borrowers of different types, and the probability of repayment will depend on the type, the lending 

amount, and the interest rate. To simplify the specification, I assume that the expected profit 

function takes the following form: 

 
𝜋𝑖(𝜃𝑖 , 𝑙𝑖) = {

𝜃𝑖 + 2 ∙ 𝜃𝑖 ∙ 𝑙𝑖 − 𝑙𝑖
2 − 1 , 𝑙𝑖 > 0

0,   𝑙𝑖 = 0
 (6) 

This functional form has three properties. First, given the lending amount, the expected profit 

monotonically increases with the borrower type. Second, there is an optimal lending amount, 

below which the expected profit increases with the lending amount and above which the expected 

profit decreases with the lending amount. Third, given the borrower’s type, if the optimal lending 

amount is nonzero, it strictly increases with the borrower’s type. With this specification in Eq. (6), 

the nonzero lending amount 𝑙∗(𝜃𝑖) = 𝜃𝑖. 

Three scenarios with different information provided to the lender are used to represent the cash 

economy, the card-based cashless economy, and the smartphone-based cashless economy.  

In the first scenario, borrower type 𝜃𝑖 is fully unknown to the lender, which can only make the 

lending decision based on the distribution of borrower types in the population. This captures the 

feature of the cash economy whereby transactions are not well recorded, and there is a lack of 

information about the type of each borrower.  

In the second scenario, the lender receives a weak signal about the type of borrower, which is 

specified as 𝑠𝑖 = 𝕀(𝜃𝑖 ≥ 0.8). This scenario captures two facts in the card-based cashless economy. 

First, it is easier for wealthier individuals to prove their creditworthiness. Second, the digital 

payment system only covers a small fraction of all transactions, which renders the signal imprecise 

and unable to further distinguish the exact type of borrower with a positive signal.  

In the third scenario, the lender knows the exact type of each borrower. This is a case in which 

the smartphone-based payment system operated by the BigTech company covers almost all types 

of customers and merchants, and the recorded cashless transactions render the information about 

the creditworthiness of everyone quite precise. 
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The lender makes very different credit-provision decisions in the scenarios with distinct 

information sets. In the first scenario, it knows only the distribution of the borrower type and will 

make the same lending decision to every borrower based on the average type of borrowers. Under 

the above specification, lending a positive amount is always nonprofitable, and the lender will not 

lend to any borrower in this scenario. In the second scenario, it knows whether each borrower 𝑖 is 

the “high type” with 𝜃𝑖 ≥ 0.8 or the “low type” with 𝜃𝑖 < 0.8. Intuitively, the lender will not lend 

to any low-type borrower. For high-type borrowers, it is optimal to lend 𝑙∗(𝑠𝑖 = 1) = 0.9 to 

everyone in this group, and this will maximize the expected profit from lending. Comparing the 

second scenario with the first scenario, the weak signal helps the lender extend more credit, and 

this effect is concentrated on high-type borrowers. In the third scenario, the intermediation has 

precise information on each borrower’s type, which enables it to make the optimal lending decision 

for each borrower type separately. In this specification, the optimal lending decision is to not lend 

to borrowers with type 𝜃𝑖 ≤
√5−1

2
, and lend 𝑙∗(𝜃𝑖) = 𝜃𝑖 to borrowers with 𝜃𝑖 >

√5−1

2
. Comparing 

the third scenario with the second scenario, there are two main differences. The first difference 

concerns financial inclusion, whereby some of the previously underserved borrowers in the second 

scenario (
√5−1

2
< 𝜃𝑖 < 0.8) now gain access to credit in the third scenario. The second difference 

concerns personalization, whereby previous high-type borrowers get a type-specific lending 

amount 𝑙∗(𝜃𝑖) = 𝜃𝑖  instead of the same amount, although the average lending amount stays at the 

level of 0.9. 

This simple example yields two general predictions about credit provision in response to the 

positive information shock caused by the adoption of cashless payment. The first prediction is that 

with the wide adoption of cashless payment, the credit provided by the lender increases. The 

second prediction is that the increase in credit provision induced by the adoption shock is more 

concentrated for borrowers of relatively lower types. That is, the new information from the 

cashless payment flow is more valuable for the underserved segment with respect to reducing 

information asymmetry. 

The previous section provides empirical evidence that supports the first prediction and shows 

that the cashless payment flow is likely to contain useful information that facilitates credit 
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provision. This section shows that the financial inclusion implication highlighted in the second 

prediction is likely to hold in the data.  

The Traditionally Financially Underserved and the Asset of Alternative Data 

My data support the traditional view in China that less educated and older people tend to be 

financially underserved. Since all financial activities of the sampled Alipay users are not 

observable, which makes it hard to evaluate their overall financial access, I use their level of using 

Alipay financial services as a proxy for their overall financial access. By analyzing their financial 

behaviors on the Alipay platform, I find that these groups indeed use financial services for fewer 

activities. 

Columns (1), (2), and (3) in Panel A of Table 9 show the results of cross-sectional regressions 

that examine the relationship between users’ financial activities with Alipay and their personal 

characteristics. The less educated and the older groups tend to have fewer Alipay financial 

activities—fewer Alipay-linked debit cards, smaller all-time high Alipay AUM, and shorter Alipay 

investment experience. This is consistent with the argument that these groups are less financially 

literate and are less served by financial institutions.  

Less educated and older groups also tend to have lower financial literacy (Lyons et al., 2019), 

which can potentially further worsen the problem of inadequate access to financial services. My 

data confirm that this is also a problem for Alipay users who are less educated and older.  

Columns (4), (5), and (6) show evidence on how sampled users’ education and age relate to 

measures of financial literacy. Less educated and older users tend to have a smaller likelihood of 

paying while using their real name, using their own accounts instead of others’ accounts, and 

completing their profile information. These behavioral characteristics are detected automatically 

by machine learning algorithms. Although it is unclear whether these labels are directly used in 

making consumer lending decisions for borrowers in the Alipay system, they tend to deliver 

negative signals about the borrowers’ creditworthiness, since these behaviors are misaligned with 

the normal standard. 

Rollout of the in-person cashless payment system provides an opportunity for the financially 

underserved to accumulate payment flow data because of the low barrier of adopting and using 

cashless payment in the in-person setting. Making cashless payments in the online shopping setting 
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can be difficult for users with less digital literacy, because it requires users’ knowledge about how 

to search for goods, communicate with strange sellers, and build trust with the multiple parties 

involved in the process. Instead, once the mobile wallet has been set up, making in-person cashless 

payments is not very different from, and more convenient than, purchasing goods with cash. 

Panel B of Table 9 illustrates the relationship between personal characteristics and payment 

flow, both in person and online. Although the less educated and the older have both less in-person 

cashless payment flow and less online cashless payment flow in terms of amount, the gap is much 

larger for online payment. Thus, the financially underserved have a relative advantage in the in-

person fraction of cashless payment flow, and the adoption shock of in-person cashless payment 

should have a larger impact on them in terms of accumulating data on payment records. 

In-person Cashless Payment and Financial Inclusion 

Assuming that different types of data can substitute for each other to improve the ability of 

financial intermediators to evaluate consumers’ credit, the rollout of in-person cashless payment 

can have financial implications for credit provision. The less educated and the older have 

previously had less alternative data with which to prove their creditworthiness, and thus they have 

tended to be underserved by financial intermediation. With an exogenous increase in the in-person 

payment flow by shifting from other payment instruments to Alipay, the marginal increase in the 

precision of the signal regarding creditworthiness is larger for the previously financially 

underserved, and it is reasonable to expect that they will benefit more from the shock and gain 

greater credit access. 

Table 10 presents empirical evidence showing the causal relationship between a user’s in-

person payment flow and the BigTech credit provided to the user, separately for the less and more 

educated groups and on both the extensive margin and the intensive margin. Panel B shows that, 

regardless of education group, the first stage is always quite strong. This means that the bike-

placement shock consistently increases the in-person cashless payment flow of both the less and 

more educated. Second-stage results in Panel A reveal that the effects of in-person payment flow 

on credit provision are quite different for Alipay users with different education levels. The positive 

relationship only exists for the less educated group and becomes insignificant for the more 

educated group, on both the extensive margin and the intensive margin. For the less educated group, 

an increase of in-person payment flow of 1% leads to an increase in the probability of gaining 
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credit access of 0.095% and an increase in the credit line of 0.335%, conditional on credit access.  

The corresponding numbers for the more educated groups are 0.027% on the extensive margin and 

0.035% on the intensive margin, and both estimates are insignificant. 

Similarly, the sample can be grouped by age and be analyzed separately. Table A11 shows the 

corresponding results. Strong first-stage effects hold for both the older and the younger group. 

However, in the first stage, there are some differences in the magnitude of effects between age 

groups. On the extensive margin, the effect of a 1% increase in in-person payment flow on credit 

access probability is 0.130% for the older group and 0.047% for the younger group, and the former 

effect is 1.8 times larger. The case is similar on the intensive margin, where the effect of the older 

group is 1.6 times larger than that of the younger. This is consistent with the previous analysis. 

The older group has previously been underserved by financial intermediation, and the adoption 

shock of in-person cashless payment helps them more; thus they end up with larger improvements 

in credit access. 

V. Conclusion 

The easy adoption process, high convenience, and low intermediation fee all contribute to the 

success of the in-person cashless payment in China. Since using cashless payment in the in-person 

environment is not very different from using cash for daily purchases, the extremely low barrier 

makes the technology accessible even to those who were previously financially unserved or 

underserved. In the transition from a cash economy to a cashless economy, users naturally 

accumulate their payment records while using digital payment services. This paper shows that 

payment data can serve as valuable digital assets that facilitate credit provision to the relatively 

disadvantaged. 

By using de-identified data from Alipay, the world’s leader in mobile payment with 1 billion 

active users, I document that an exogenous increase in the in-person cashless payment flow leads 

to more credit provision by financial intermediation. This increase in credit provision results from 

the useful information for credit evaluation provided by the payment flow. The information goes 

beyond what is available from credit usage, repayment, and assets under management. I use a 

novel instrument by taking advantage of the staggered placement of Alipay-bundled dockless 
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shared bikes across cities to solve endogeneity issues and conduct several tests to confirm the 

instrument’s validity. 

I also find that the previously financially underserved benefit more from mobile payment 

adoption, and I propose a simple theoretical framework to provide insights about the underlying 

forces that can generate the corresponding predictions. The essential insight is that although the 

disadvantaged do not have many alternative ways to prove their creditworthiness, they have a 

relative advantage in revealing their creditworthiness in the in-person cashless payment flow, 

thanks to the low costs and wide coverage of mobile payments.  

These findings have strong policy implications: The prevalence of mobile phone adoption can 

potentially provide new opportunities for financial inclusion, and mobile payment can support a 

sustainable business model of lending to the poor. With the remarkably rapid development of 

mobile payment in China, it is possible that other developing countries can also experience abrupt 

changes in the cashless payment market in the future. Once that occurs, the digital payment system 

can function as an infrastructure for credit evaluation and credit provision. 

Note that an increase in credit provision to the relatively underserved does not mean that it is 

optimal for financial intermediation to lend to everyone who has payment data. For instance, it 

might not be profitable to lend to the extremely disadvantaged. In these cases, the government 

could potentially subsidize individuals with a fiscal transfer. My work makes a start in studying 

the implications of digital payments in the consumer credit market. Much more study is necessary 

to understand the welfare implications of public policies. .  
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Figures 

Figure 1. Transaction Volume of Mobile and Card Payment in China and US 

This figure presents the time series of the GDP-adjusted transaction volume of mobile and card payments 

in China and the US from 2012 to 2018. Data sources are the US Federal Reserve, the People's Bank of 

China (PBOC), and the World Bank. 

 

 

  

0

0.5

1

1.5

2

2.5

3

3.5

2012 2013 2014 2015 2016 2017 2018

Tr
an

sa
ct

io
n

 V
o

lu
m

e/
G

D
P

Year

US: Mobile Payment US: Card Payment

China: Mobile Payment China: Card Payment



36 
 

Figure 2. Logic Flow of the Instrumental Variable 

This figure presents a graphical illustration of the mechanisms that show how the city-wide placement of 

Alipay-bundled shared bikes affects the city’s residents’ in-person Alipay payment at the individual level. 
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Figure 3. Bike Adoption and Non-bike Payment Flow 

This figure plots the 𝛽𝜏 coefficients estimated in the following regression: 

log(1 +  𝐼𝑛 𝑃𝑒𝑟𝑠𝑜𝑛 𝑁𝑜𝑛 𝐵𝑖𝑘𝑒 𝑃𝑎𝑦𝑚𝑒𝑛𝑡 𝐹𝑙𝑜𝑤)𝑖,𝑡

= 𝛼0 + ∑ 𝛽𝜏 ∙ 𝕝(𝑡 = 𝜏) ∙ 𝕝(𝜏 ≠ −1) +

4

𝜏=−5

𝛽5 ∙ 𝕝(𝑡 ≥ 5) + 𝛿𝑖 + 𝜇𝑡 + 𝜀𝑖,𝑡 

where log(1 +  𝐼𝑛 𝑃𝑒𝑟𝑠𝑜𝑛 𝑁𝑜𝑛 𝐵𝑖𝑘𝑒 𝑃𝑎𝑦𝑚𝑒𝑛𝑡 𝐹𝑙𝑜𝑤)𝑖,𝑡 is the log(1+x) transformed amount of in-person 

payments on purchases not directly related to the usage of shared bikes by individual 𝑖 at time 𝑡 using 

Alipay,  𝑡 corresponds to the number of months after each individual’s month of the first usage of Alipay-

bundled shared bikes, 𝛿𝑖 is the individual fixed effects, 𝜇𝑡 is the year-month fixed effects, and 𝜀𝑖,𝑡 is the 

error term that varies across individuals and over time. The sample covers only users who used the Alipay-

bundled shared bikes at least once in the sample period, which is from May 2017 to September 2020. For 

each bike user, the sample only covers periods in which the 𝑡 is not earlier than -5. 
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Figure 4. Staggered Placement of Shared Bikes 

This figure plots the 𝛽𝜏 coefficients estimated in the following regression: 

𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝐵𝑖𝑘𝑒 𝑃𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡𝑐,𝑡

= 𝛼0 + ∑ 𝛽𝜏 ∙ 𝕝(𝑡 = 𝜏) ∙ 𝕝(𝜏 ≠ −1)+

4

𝜏=−5

𝛽5 ∙ 𝕝(𝑡 ≥ 5)+ 𝛿𝑐 + 𝜇𝑡 + 𝜀𝑐,𝑡 

where 𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝐵𝑖𝑘𝑒 𝑃𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡𝑐,𝑡  is defined as 
𝐵𝑖𝑘𝑒 𝑃𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡𝑐,𝑡

𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝐵𝑖𝑘𝑒 𝑃𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡 𝑖𝑛 𝑆𝑎𝑚𝑝𝑙𝑒𝑐
, which is a 

measure with a range of [0,1], 𝑡 corresponds to the number of months after each city’s month with the 

largest bike placement shock, 𝛿𝑐 is the city fixed effects, 𝜇𝑡 is the year-month fixed effects, and 𝜀𝑐,𝑡 is the 

error term that varies across cities and over time. The sample period is from May 2017 to January 2020, 

which avoids the later COVID lockdown periods. For each city, the sample only covers periods in which 

the 𝑡 is not earlier than -5. 
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Figure 5. Broad Distribution of Bike-placement Shock 

This figure describes the number of cities in the month of their largest bike-placement shock in the period 

from May 2017 to January 2020, before the later COVID lockdown periods.  

 

  



40 
 

Figure 6. Example of Cashless Payment’s Financial Inclusion Implication 

This figure presents a graphical illustration of the credit line provided to heterogeneous borrowers in an 

economy with a lender and a continuum of borrowers. The expected profit of the lender from lending 𝑙𝑖 to 

borrower 𝑖 if it knows 𝜃𝑖 is: 

𝜋𝑖(𝜃𝑖, 𝑙𝑖) = 𝜃𝑖 + 2 ∙ 𝜃𝑖 ∙ 𝑙𝑖 − 𝑙𝑖
2 − 1 

Given knowledge about the borrower’s type, the lender chooses the optimal lending amount to maximize 

the expected profit if the lending is profitable. There are three scenarios in which the lender has different 

information sets. In the first scenario, the lender does not observe any information that reveals the type of 

each borrower, and the relationship between credit line and borrower type is captured by the blue line. In 

the second scenario, the lender receives only a signal s(𝜃𝑖) = 𝕀(𝜃𝑖 ≥ 0.8) about the type of each borrower, 

which corresponds to the yellow line in the figure. In the third scenario, the type of each borrower is 

precisely known by the lender, and the red line illustrates the relationship between the credit line and the 

borrower type. 
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Tables 

Table 1. Summary Statistics 

This table reports summary statistics of the key variables used in our analysis. The sample covers 41,485 

Alipay users over 41 months from May 2017 to September 2020. The table categorizes the variables into 

three types at different levels. At the individual level, # 𝐴𝑐𝑡𝑖𝑣𝑒 𝑀𝑜𝑛𝑡ℎ𝑠𝑖 indicates the number of months 

in which the user has payment activities; 𝐼𝑠 𝑀𝑎𝑙𝑒𝑖  equals 1 if the individual is male and 0 otherwise; 

𝐿𝑜𝑤 𝐸𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛𝑖 equals 1 if the individual does not have a bachelor’s degree or above and 0 otherwise; 

𝐵𝑖𝑟𝑡ℎ 𝑌𝑒𝑎𝑟𝑖  records the individual’s year of birth; 𝐵𝑖𝑘𝑒 𝑈𝑠𝑒𝑟𝑖  equals 1 if the Alipay user 𝑖 has used a 

shared bike at least once during the sample period from May 2017 to September 2020. At the city-month 

level, log (𝐵𝑖𝑘𝑒 𝑃𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡)𝑐,𝑡 is a log transformation of the number of active shared bikes placed in city 

𝑐 at time 𝑡. At the individual-month level, 𝐶𝑟𝑒𝑑𝑖𝑡 𝐴𝑐𝑐𝑒𝑠𝑠𝑖𝑡 is a dummy variable that indicates whether 

individual 𝑖 is granted access to Alipay’s virtual credit card at time 𝑡; log (𝐶𝑟𝑒𝑑𝑖𝑡 𝐿𝑖𝑛𝑒)𝑖,𝑡 measures the 

log-transformed credit line of the virtual credit card individual 𝑖 is granted access to at time 𝑡, conditional 

on 𝐶𝑟𝑒𝑑𝑖𝑡 𝐴𝑐𝑐𝑒𝑠𝑠𝑖𝑡 = 1; log (𝐼𝑛 𝑃𝑒𝑟𝑠𝑜𝑛 𝑃𝑎𝑦𝑚𝑒𝑛𝑡 𝐹𝑙𝑜𝑤)𝑖,𝑡 is the log-transformed amount of in-person 

payments made by individual 𝑖  at time 𝑡  using Alipay; log (𝑂𝑛𝑙𝑖𝑛𝑒 𝑃𝑎𝑦𝑚𝑒𝑛𝑡 𝐹𝑙𝑜𝑤)𝑖,𝑡  is the log-

transformed amount of online payments made by individual 𝑖  at time 𝑡  using Alipay; 

𝑉𝑖𝑟𝑡𝑢𝑎𝑙 𝐶𝑟𝑒𝑑𝑖𝑡 𝐶𝑎𝑟𝑑 𝑆ℎ𝑎𝑟𝑒 𝑖𝑛 𝐼𝑛 𝑃𝑒𝑟𝑠𝑜𝑛 𝑃𝑎𝑦𝑚𝑒𝑛𝑡𝑖,𝑡 measures the share of in-person Alipay payments 

made by individual 𝑖  at time 𝑡  using the virtual credit card; 

𝑉𝑖𝑟𝑡𝑢𝑎𝑙 𝐶𝑟𝑒𝑑𝑖𝑡 𝐶𝑎𝑟𝑑 𝑆ℎ𝑎𝑟𝑒 𝑖𝑛 𝑂𝑛𝑙𝑖𝑛𝑒 𝑃𝑎𝑦𝑚𝑒𝑛𝑡𝑖,𝑡 measures the share of online Alipay payments made 

by individual 𝑖  at time 𝑡  using the virtual credit card; 

𝐶𝑜𝑚𝑝𝑢𝑙𝑠𝑖𝑣𝑒 𝑆𝑝𝑒𝑛𝑑𝑖𝑛𝑔 𝑆ℎ𝑎𝑟𝑒 𝑖𝑛 𝐼𝑛 𝑃𝑒𝑟𝑠𝑜𝑛 𝑃𝑎𝑦𝑚𝑒𝑛𝑡𝑖,𝑡  measures the share of in-person Alipay 

payments made by individual 𝑖  at time 𝑡  for cigarettes, games, and lotteries; 

𝐶𝑜𝑚𝑝𝑢𝑙𝑠𝑖𝑣𝑒 𝑆𝑝𝑒𝑛𝑑𝑖𝑛𝑔 𝑆ℎ𝑎𝑟𝑒 𝑖𝑛 𝑂𝑛𝑙𝑖𝑛𝑒 𝑃𝑎𝑦𝑚𝑒𝑛𝑡𝑖,𝑡  measures the share of online Alipay payments 

made by individual 𝑖 at time 𝑡 for cigarettes, games, lotteries, or live streaming services. 
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Table 2. Effects of Bike Placement on Bike Usage 

This table reports the effects of city-level placement of shared bikes on individual-level bike-riding 

activities. log (𝐵𝑖𝑘𝑒 𝑃𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡)𝑐,𝑡 is a log transformation of the number of active shared bikes placed in 

city 𝑐 at time 𝑡. 𝑈𝑠𝑒 𝐵𝑖𝑘𝑒𝑖,𝑡 equals 1 if the Alipay user 𝑖 uses the shared bike at time 𝑡 and 0 otherwise. 

log (# 𝐵𝑖𝑘𝑒 𝑅𝑖𝑑𝑒𝑠)𝑖,𝑡  is the log-transformed number of times individual 𝑖 rides shared bikes at time 𝑡. 

log (𝑅𝑖𝑑𝑖𝑛𝑔 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒)𝑖,𝑡  is the log-transformed total distance individual 𝑖 rides shared bikes at time 𝑡. 

Column (1) focuses on the sample of bike users, which are Alipay users who have used a shared bike at 

least once during the sample period from May 2017 to September 2020. Columns (2) and (3) use the sample 

of bike users during the months they used a bike. The regressions of all columns control for both individual 

fixed effects and year-month fixed effects. All standard errors are clustered at city and year-month level. 

***, **, and * denote the 1%, 5%, and 10% confidence level, respectively. I report standard errors in 

parentheses.  
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Table 3. Effects of Bike Placement on Payment and Credit 

These tables report the effects of city-level placement of shared bikes on the individual-level in-person 

payment flow and digital credit access. log (𝐵𝑖𝑘𝑒 𝑃𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡)𝑐,𝑡 is a log transformation of the number of 

active shared bikes placed in city 𝑐 at time 𝑡. 𝐵𝑖𝑘𝑒 𝑈𝑠𝑒𝑟𝑖 equals 1 if the Alipay user 𝑖 used a shared bike at 

least once during the sample period from May 2017 to September 2020. 𝐴𝑓𝑡𝑒𝑟 𝐹𝑖𝑟𝑠𝑡 𝐵𝑖𝑘𝑒 𝑈𝑠𝑎𝑔𝑒𝑖,𝑡 equals 

1 after Alipay user 𝑖 uses a shared bike for the first time and 0 if the individual 𝑖 has never used a shared 

bike. log (1 +  𝐼𝑛 𝑃𝑒𝑟𝑠𝑜𝑛 𝑃𝑎𝑦𝑚𝑒𝑛𝑡 𝐹𝑙𝑜𝑤)𝑖,𝑡 is the log(1+x) transformed total amount of individual 𝑖’s 

in-person payment flow through Alipay at time 𝑡 , with the payment flow measured in CNY. 

log (1 + 𝐶𝑟𝑒𝑑𝑖𝑡 𝐿𝑖𝑛𝑒)𝑖,𝑡 is the log(1+x) transformed credit line of Alipay user 𝑖’s virtual credit card at time 

𝑡, with the credit line measured in CNY. Panel A reports regression results showing the effects of bike 

placement on in-person payment flow, while Panel B reports results showing the corresponding effects on 

digital credit line. In both panels, columns (1) and (2) show results for regressions with individual fixed 

effects and year-month fixed effects. Columns (3) and (4) show regression results that further add city times 

year-month fixed effects, which nest the year-month fixed effects. Columns (1), (2), and (3) use the full 

sample, while column (4) focuses on the sample of bike users. All standard errors are clustered at city and 

year-month level. ***, **, and * denote the 1%, 5%, and 10% confidence level, respectively. I report 

standard errors in parentheses. 

 

Panel A. Bike Placement and Individual-level In-person Payment Flow 
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Panel B. Bike Placement and Individual-level Digital Credit Line 
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Table 4. Bike-usage Intensity and Heterogeneous Bike-placement Effects 

This table reports the heterogeneous effects of city-level placement of shared bikes on the individual-level 

in-person payment flow and digital credit for non-bike users, one-time bike users, and repeat bike users. 

log (𝐵𝑖𝑘𝑒 𝑃𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡)𝑐,𝑡 is a log transformation of the number of active shared bikes placed in city 𝑐 at 

time 𝑡. 𝑂𝑛𝑒 𝑇𝑖𝑚𝑒 𝐵𝑖𝑘𝑒 𝑈𝑠𝑒𝑟𝑖  equals 1 if the Alipay user 𝑖 used a shared bike exactly once during the 

sample period from May 2017 to September 2020. 𝑅𝑒𝑝𝑒𝑎𝑡 𝐵𝑖𝑘𝑒 𝑈𝑠𝑒𝑟𝑖 equals 1 if the Alipay user 𝑖 useda 

shared bike at least two times during the sample period from May 2017 to September 2020. 

log (1 +  𝐼𝑛 𝑃𝑒𝑟𝑠𝑜𝑛 𝑃𝑎𝑦𝑚𝑒𝑛𝑡 𝐹𝑙𝑜𝑤)𝑖,𝑡  is the log(1+x) transformed total amount of individual 𝑖’s in-

person payment flow through Alipay at time 𝑡 , with the payment flow measured in CNY. 
log (1 + 𝐶𝑟𝑒𝑑𝑖𝑡 𝐿𝑖𝑛𝑒)𝑖,𝑡 is the log(1+x) transformed credit line of Alipay user 𝑖’s virtual credit card at time 

𝑡 , with the credit line measured in CNY. Columns (1) and (3) show results for the regressions with 

individual fixed effects and year-month fixed effects, and columns (2) and (4) show regression results that 

further add city times year-month fixed effects, which nest the year-month fixed effects. All standard errors 

are clustered at city and year-month level. ***, **, and * denote the 1%, 5%, and 10% confidence level, 

respectively. I report standard errors in parentheses.  

 

 

 

 

 

  



46 
 

Table 5. In-person Payment Flow and Credit Provision 

This table presents empirical evidence showing the robust relationship between a user’s in-person payment 

flow and the BigTech credit provided to the user with different specifications of the key variables, on both 

the extensive margin and the intensive margin. 𝐶𝑟𝑒𝑑𝑖𝑡 𝐴𝑐𝑐𝑒𝑠𝑠𝑖,𝑡 is a dummy variable that equals 1 if Alipay 

user 𝑖 has access to Alipay’s virtual credit card at time 𝑡 and 0 otherwise. log (𝐶𝑟𝑒𝑑𝑖𝑡 𝐿𝑖𝑛𝑒)𝑖,𝑡 is the log-

transformed credit line of Alipay user 𝑖’s virtual credit card at time 𝑡, which is assigned a missing value if 

the measure 𝐶𝑟𝑒𝑑𝑖𝑡 𝐿𝑖𝑛𝑒𝑖,𝑡  is 0. 𝑀𝑒𝑎𝑠𝑢𝑟𝑒 𝑜𝑓 𝐼𝑛 𝑃𝑒𝑟𝑠𝑜𝑛 𝑃𝑎𝑦𝑚𝑒𝑛𝑡 𝐹𝑙𝑜𝑤𝑖,𝑡  is the measure of the total 

amount of individual 𝑖’s in-person payment flow through Alipay at time 𝑡, which is defined differently in 

different columns. In columns (1) and (4), it is log (1 +  𝐼𝑛 𝑃𝑒𝑟𝑠𝑜𝑛 𝑃𝑎𝑦𝑚𝑒𝑛𝑡 𝐹𝑙𝑜𝑤)𝑖,𝑡 , where the 

payment flow is measured in CNY; in columns (2) and (5), it is a dummy variable that equals 1 if 

𝐼𝑛 𝑃𝑒𝑟𝑠𝑜𝑛 𝑃𝑎𝑦𝑚𝑒𝑛𝑡 𝐹𝑙𝑜𝑤𝑖,𝑡  is positive and 0 otherwise; in columns (3) and (6), it is 

log (𝐼𝑛 𝑃𝑒𝑟𝑠𝑜𝑛 𝑃𝑎𝑦𝑚𝑒𝑛𝑡 𝐹𝑙𝑜𝑤)𝑖,𝑡 , which is assigned a missing value if the measure 

𝐼𝑛 𝑃𝑒𝑟𝑠𝑜𝑛 𝑃𝑎𝑦𝑚𝑒𝑛𝑡 𝐹𝑙𝑜𝑤𝑖,𝑡  is 0. log (𝐵𝑖𝑘𝑒 𝑃𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡)𝑐,𝑡  is a log transformation of the number of 

active shared bikes placed in city 𝑐 at time 𝑡, which is assigned a missing value if 𝐵𝑖𝑘𝑒 𝑃𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡𝑐,𝑡 is 0. 

Panel A reports two-stage least-squares (2SLS) estimates, instrumenting for the individual-level measure 

of in-person payment flow using the city-level log number of active shared bikes; Panel B reports the 

corresponding first stage. Panel C reports the coefficient from an OLS regression of the dependent variable 

against the individual-level measure of the in-person payment flow. All columns show results for the 

regressions with individual fixed effects and year-month fixed effects. All standard errors are clustered at 

city and year-month level. ***, **, and * denote the 1%, 5%, and 10% confidence level, respectively. I 

report standard errors in parentheses.  
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Table 6. In-person Payment Flow and Consumer Behavior 

This table presents empirical evidence showing the causal relationship between a user’s in-person payment 

flow and the structure of the payment flows, in both the in-person payment and the online payment settings. 

𝑉𝑖𝑟𝑡𝑢𝑎𝑙 𝐶𝑟𝑒𝑑𝑖𝑡 𝐶𝑎𝑟𝑑 𝑆ℎ𝑎𝑟𝑒𝑖,𝑡 measures the share of Alipay payments made by individual 𝑖 at time 𝑡 using 

the virtual credit card. 𝐶𝑜𝑚𝑝𝑢𝑙𝑠𝑖𝑣𝑒 𝑆ℎ𝑎𝑟𝑒𝑖,𝑡 measures the share of Alipay payments by individual 𝑖 at time 

𝑡 on cigarettes, games, lotteries, or live streaming services. log (1 +  𝐼𝑛 𝑃𝑒𝑟𝑠𝑜𝑛 𝑃𝑎𝑦𝑚𝑒𝑛𝑡 𝐹𝑙𝑜𝑤)𝑖,𝑡 is the 

log(1+x) transformed total amount of individual 𝑖’s in-person payment flow through Alipay at time 𝑡, with 

the payment flow measured in CNY. log (𝐵𝑖𝑘𝑒 𝑃𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡)𝑐,𝑡 is a log transformation of the number of 

active shared bikes placed in city 𝑐 at time 𝑡. Panel A reports 2SLS estimates, instrumenting for individual-

level log in-person payment flow using the city-level log number of active shared bikes; Panel B reports 

the corresponding first stage. Panel C reports the coefficient from an OLS regression of the dependent 

variable against individual-level log in-person payment flow. All columns show results for regressions with 

individual fixed effects and year-month fixed effects. All standard errors are clustered at city and year-

month level. ***, **, and * denote the 1%, 5%, and 10% confidence level, respectively. I report standard 

errors in parentheses.  
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Table 7. In-person Noncredit Payment Flow and Credit Provision 

This table presents empirical evidence showing the causal relationship between a user’s in-person noncredit 

payment flow and the BigTech credit provided to the user, on both the extensive margin and the intensive 

margin. 𝐶𝑟𝑒𝑑𝑖𝑡 𝐴𝑐𝑐𝑒𝑠𝑠𝑖,𝑡 is a dummy variable that equals 1 if the Alipay user 𝑖 has access to Alipay’s 

virtual credit card at time 𝑡  and 0 otherwise. log (𝐶𝑟𝑒𝑑𝑖𝑡 𝐿𝑖𝑛𝑒)𝑖,𝑡  is the log-transformed credit line of 

Alipay user 𝑖’s virtual credit card at time 𝑡, which is assigned a missing value if the measure 𝐶𝑟𝑒𝑑𝑖𝑡 𝐿𝑖𝑛𝑒𝑖,𝑡 

is 0. log (1 +  𝐼𝑛 𝑃𝑒𝑟𝑠𝑜𝑛 𝑁𝑜𝑛𝑐𝑟𝑒𝑑𝑖𝑡 𝑃𝑎𝑦𝑚𝑒𝑛𝑡 𝐹𝑙𝑜𝑤)𝑖,𝑡  is the log(1+x) transformed total amount of 

individual 𝑖’s in-person Alipay payment flow that is not paid using the virtual credit card at time 𝑡, with the 

payment flow measured in CNY. log (1 +  𝐼𝑛 𝑃𝑒𝑟𝑠𝑜𝑛 𝐶𝑟𝑒𝑑𝑖𝑡 𝑃𝑎𝑦𝑚𝑒𝑛𝑡 𝐹𝑙𝑜𝑤)𝑖,𝑡  is the log(1+x) 

transformed total amount of individual 𝑖’s in-person Alipay payment flow that is paid using the virtual 

credit card at time 𝑡 , with the payment flow measured in CNY. log (𝐵𝑖𝑘𝑒 𝑃𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡)𝑐,𝑡  is a log 

transformation of the number of active shared bikes placed in city 𝑐 at time 𝑡. Panel A reports 2SLS 

estimates, instrumenting for individual-level log in-person noncredit payment flow using the city-level log 

number of active shared bikes; Panel B reports the corresponding first stage. Panel C reports the coefficient 

from an OLS regression of the dependent variable against individual-level log in-person payment flow. All 

columns show results for regressions with individual fixed effects and year-month fixed effects. All 

standard errors are clustered at city and year-month level. ***, **, and * denote the 1%, 5%, and 10% 

confidence level, respectively. I report standard errors in parentheses.  
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Table 8. In-person Payment Flow and Credit Provision, Controlling for the 

Collateral Proxy  

This table presents empirical evidence showing the causal relationship between a user’s in-person payment 

flow and the BigTech credit provided to the user after controlling for the time-varying asset under 

management (AUM), on both the extensive margin and the intensive margin. 𝐶𝑟𝑒𝑑𝑖𝑡 𝐴𝑐𝑐𝑒𝑠𝑠𝑖,𝑡 is a dummy 

variable that equals 1 if the Alipay user 𝑖 has access to Alipay’s virtual credit card at time 𝑡 and 0 otherwise. 

log (𝐶𝑟𝑒𝑑𝑖𝑡 𝐿𝑖𝑛𝑒)𝑖,𝑡 is the log-transformed credit line of Alipay user 𝑖’s virtual credit card at time 𝑡, which 

is assigned a missing value if the measure 𝐶𝑟𝑒𝑑𝑖𝑡 𝐿𝑖𝑛𝑒𝑖,𝑡 is 0. log (1 +  𝐼𝑛 𝑃𝑒𝑟𝑠𝑜𝑛 𝑃𝑎𝑦𝑚𝑒𝑛𝑡 𝐹𝑙𝑜𝑤)𝑖,𝑡 is 

the log(1+x) transformed total amount of individual 𝑖’s in-person payment flow through Alipay at time 𝑡, 

with the payment flow measured in CNY. log (1 +  𝐴𝑠𝑠𝑒𝑡 𝑢𝑛𝑑𝑒𝑟 𝑀𝑎𝑛𝑎𝑔𝑒𝑚𝑒𝑛𝑡)𝑖,𝑡  is the log(1+x) 

transformed total amount of individual 𝑖’s AUM on Alipay’s platform at time 𝑡, with the amount measured 

in CNY. log (𝐵𝑖𝑘𝑒 𝑃𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡)𝑐,𝑡 is a log transformation of the number of active shared bikes placed in 

city 𝑐 at time 𝑡. Panel A reports 2SLS estimates, instrumenting for individual-level log in-person payment 

flow using the city-level log number of active shared bikes; Panel B reports the corresponding first stage. 

Panel C reports the coefficient from an OLS regression of the dependent variable against individual-level 

log in-person payment flow. All columns show results for regressions with individual fixed effects and 

year-month fixed effects. All standard errors are clustered at city and year-month level. In columns (1) and 

(3) the AUM excludes the account balance of Alipay, while in columns (2) and (4) the AUM includes it. 

***, **, and * denote the 1%, 5%, and 10% confidence level, respectively. I report standard errors in 

parentheses.  
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Table 9. Financially Underserved Segments 

These tables provide evidence that the less educated and the older tend to be financially underserved in 

China. 𝐿𝑜𝑤 𝐸𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛𝑖 equals 1 if the Alipay user 𝑖 does not have a bachelor’s degree or above and 0 

otherwise.  𝑂𝑙𝑑𝑒𝑟 𝑡ℎ𝑎𝑛 𝑀𝑒𝑑𝑖𝑎𝑛𝑖 is a dummy variable that equals 1 if the Alipay user 𝑖 is older than more 

than half of the users included in the sample and 0 otherwise. # 𝐿𝑖𝑛𝑘𝑒𝑑 𝐷𝑒𝑏𝑖𝑡 𝐶𝑎𝑟𝑑𝑠𝑖 is the total number 

of debit cards linked to user 𝑖’s Alipay account in April 2021. log (1 +  𝐴𝑙𝑙 𝑇𝑖𝑚𝑒 𝐻𝑖𝑔ℎ 𝐴𝑈𝑀)𝑖 is the log-

transformed highest amount of individual 𝑖’s assets under management on Alipay’s platform from May 

2017 to September 2020. 𝐼𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡 𝐸𝑥𝑝𝑒𝑟𝑖𝑒𝑛𝑐𝑒𝑖  is the number of months since the user first used 

Alipay’s wealth management service till April 2021. 𝑃𝑎𝑦 𝑤𝑖𝑡ℎ 𝑅𝑒𝑎𝑙 𝑁𝑎𝑚𝑒𝑖  is a dummy variable that 

equals 1 if the Alipay system labels Alipay user 𝑖’s account as having passed the real name verification as 

of April 2021 and 0 otherwise.  𝑈𝑠𝑒 𝑂𝑤𝑛 𝐴𝑐𝑐𝑜𝑢𝑛𝑡𝑖 equals 1 if the Alipay system labels Alipay user 𝑖 as 

using her own account instead of others’ accounts as of April 2021 and 0 otherwise. 𝐶𝑜𝑚𝑝𝑙𝑒𝑡𝑒 𝑃𝑟𝑜𝑓𝑖𝑙𝑒𝑖 

equals 1 if Alipay user 𝑖 completes all profile information in the Alipay system as of April 2021 and 0 

otherwise. log (1 + 𝐼𝑛 𝑃𝑒𝑟𝑠𝑜𝑛 𝑃𝑎𝑦𝑚𝑒𝑛𝑡 𝐹𝑙𝑜𝑤)𝑖,𝑡  is the log(1+x) transformed amount of in-person 

payments made by individual 𝑖 at time 𝑡 using Alipay; log (1 + 𝑂𝑛𝑙𝑖𝑛𝑒 𝑃𝑎𝑦𝑚𝑒𝑛𝑡 𝐹𝑙𝑜𝑤)𝑖,𝑡 is the log(1+x) 

transformed amount of online payments made by individual 𝑖  at time 𝑡  using Alipay; 

 𝐼𝑛 𝑃𝑒𝑟𝑠𝑜𝑛 𝑆ℎ𝑎𝑟𝑒 𝑖𝑛 𝑇𝑜𝑡𝑎𝑙 𝑃𝑎𝑦𝑚𝑒𝑛𝑡𝑖,𝑡 measures the share of Alipay payments made by individual 𝑖 at 

time 𝑡 that are in-person. Panel A reports regression results showing that the less educated and the older 

tend to have lower financial service usage and lower financial literacy, and Panel B reports regression 

results showing the relationship between education, age, and payment flows. In both panels, all columns 

show results for regressions with city fixed effects and gender fixed effects. All standard errors are clustered 

at the city level. ***, **, and * denote the 1%, 5%, and 10% confidence level, respectively. I report standard 

errors in parentheses.  

Panel A. Education, Age, and Financial Activities 
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Panel B. Education, Age, and Payment Flows  
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Table 10. Education, In-person Payment Flow, and Credit Provision 

This table presents empirical evidence showing the causal relationship between a user’s in-person payment 

flow and the BigTech credit provided to the user, separately for the less educated and more educated groups, 

on both the extensive margin and the intensive margin. 𝐶𝑟𝑒𝑑𝑖𝑡 𝐴𝑐𝑐𝑒𝑠𝑠𝑖,𝑡 is a dummy variable that equals 1 

if Alipay user 𝑖 has access to Alipay’s virtual credit card at time 𝑡 and 0 otherwise. log (𝐶𝑟𝑒𝑑𝑖𝑡 𝐿𝑖𝑛𝑒)𝑖,𝑡 is 

the log-transformed credit line of Alipay user 𝑖’s virtual credit card at time 𝑡, which is assigned a missing 

value if the measure 𝐶𝑟𝑒𝑑𝑖𝑡 𝐿𝑖𝑛𝑒𝑖,𝑡  is 0. log (1 +  𝐼𝑛 𝑃𝑒𝑟𝑠𝑜𝑛 𝑃𝑎𝑦𝑚𝑒𝑛𝑡 𝐹𝑙𝑜𝑤)𝑖,𝑡  is the log(1+x) 

transformed total amount of individual 𝑖’s in-person payment flow through Alipay at time 𝑡, with the 

payment flow measured in CNY. log (𝐵𝑖𝑘𝑒 𝑃𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡)𝑐,𝑡 is a log transformation of the number of active 

shared bikes placed in city 𝑐 at time 𝑡. Panel A reports 2SLS estimates, instrumenting for individual-level 

log in-person payment flow using the city-level log number of active shared bikes; Panel B reports the 

corresponding first stage. Panel C reports the coefficient from an OLS regression of the dependent variable 

against individual-level log in-person payment flow. All columns show results for the regressions with 

individual fixed effects and year-month fixed effects. Columns (1) and (3) use the subsample of the less 

educated, who do not have a college degree or above; columns (2) and (4) use the subsample of the more 

educated, who have a bachelor’s degree or above. All standard errors are clustered at city and year-month 

level. ***, **, and * denote the 1%, 5%, and 10% confidence level, respectively. I report standard errors in 

parentheses.  
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 Cashless Payment and Financial Inclusion 

Shumiao Ouyang 

Online Appendix    

A1. Econometric Framework 

I use an econometric framework to clarify the economic environment and the assumptions for 

identification.  

There are three parties in the economic environment: the BigTech company that provides both 

cashless payment services and consumer lending; the consumers who make decisions about 

making in-person purchases using cashless payment; and the bike-sharing company that makes 

decisions about when and where to place the shared bikes. 

Since the BigTech company provides cashless payment services, it has access to payment flow 

information and can use it for credit evaluation. Thus, the BigTech credit line provided to a 

consumer is a function of the consumer’s cashless payment flow. For tractability, the BigTech 

credit provision equation is assumed to take the following form: 

𝑐𝑙𝑖,𝑡 = 𝛼0 + 𝛼1 ∙ 𝑖𝑝𝑓𝑖,𝑡 + 𝛿𝑖 + 𝜃𝑡 + 𝜀𝑖,𝑡
𝑂𝑉 + 𝜀𝑖,𝑡

𝐸𝐸 

where 𝑐𝑙𝑖,𝑡 is the credit line provided by the BigTech company to individual 𝑖 at time 𝑡, 𝑖𝑝𝑓𝑖,𝑡 is 

the in-person payment flow of individual 𝑖 at time 𝑡, 𝛿𝑖 and 𝜃𝑡 are the individual-specific and time-

specific characteristics that affect the credit provision, respectively, 𝜀𝑖,𝑡
𝑂𝑉 is the omitted variables 

that affect the credit line of individual 𝑖 at time 𝑡, and 𝜀𝑖,𝑡
𝐸𝐸  is an exogenous error term that affects 

the credit line of individual 𝑖 at time 𝑡. 

For consumers, the decision to use in-person cashless payment depends not only on their 

personal characteristics and the time-specific shocks, but also the credit access provided to them 

by the BigTech company. With a higher credit line, the individual would have a more relaxed 

borrowing constraint while using the mobile wallet, which allows her to make a larger amount of 

cashless payments. Also, if an individual expects that she would get a higher credit line on the 

BigTech platform by using cashless payment more frequently, she might be encouraged to seek a 

higher BigTech credit line. For simplicity, the in-person cashless payment decision of individual 
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𝑖 at time 𝑡 is assumed to have a linear relationship with the credit line, and the corresponding 

equation is 

𝑖𝑝𝑓𝑖,𝑡 = 𝛽0 + 𝛽1 ∙ 𝑐𝑙𝑖,𝑡 + 𝜇𝑖 + 𝜔𝑡 + 𝜑𝑖,𝑡 

where 𝜇𝑖  and 𝜔𝑡  are the individual-specific and time-specific characteristics that affect the in-

person payment flow decision, respectively. 𝜑𝑖,𝑡 is an exogenous error term that affects the in-

person payment flow of individual 𝑖 at time 𝑡. 

Many Alipay-bundled bike-sharing companies could be operating in the same city. In this 

framework, I model all Alipay-bundled bike-sharing companies as a representative bike-sharing 

company. This company decides on bike placement in a city in each period by considering the 

number of bikes already placed in the city in the last period and the average number of times a 

local shared bike is used in the last period. The first measure captures the local market power in 

the last period and the latter measure captures the operational efficiency or return on investment 

(ROI) of the bike placement in the last period. I assume the bike placement decision takes the 

following linear form: 

𝑏𝑝𝑐,𝑡 = 𝛾0 + 𝛾1 ∙ 𝑏𝑝𝑐,𝑡−1 + 𝛾2 ∙ 𝑜𝑒𝑐,𝑡−1 + 𝜋𝑐 + 𝜎𝑡 + 𝜗𝑐,𝑡 

where 𝑏𝑝𝑐,𝑡 is the bike placement of the Alipay-bundled bike-sharing company in city 𝑐 at time 𝑡. 

𝑜𝑒𝑐,𝑡 is the operational efficiency of the placed shared bike in city 𝑐 at time 𝑡, which is empirically 

measured by the average number of times that a shared bike in the city was used in the last period. 

𝜋𝑐  and 𝜎𝑡  are the city-specific and time-specific characteristics that affect the bike-placement 

decision, respectively. 𝜗𝑐,𝑡 is an exogenous error term that affects the bike placement in city 𝑐 at 

time 𝑡.  

For simplicity, individual-specific, city-specific, and time-specific characteristics are treated 

as vectors of dimension one. The parameter of interest to estimate is 𝛼1 in the credit provision 

equation, which captures the direct effect of in-person payment flow on the credit line provided by 

the BigTech company. Since the BigTech credit provision and in-person cashless payment flow 

are jointly determined, there are simultaneity issues, and the ordinary least squares (OLS) estimate 

would be biased. Assuming that 𝜀𝑖,𝑡
𝐸𝐸 ⊥ 𝜑𝑖,𝑡 , the bias of the OLS estimate is captured in the 

following equation: 
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𝛼̂1
𝑂𝐿𝑆 =

𝐶𝑜𝑣(𝑐𝑙𝑖,𝑡, 𝑖𝑝𝑓𝑖,𝑡)

𝑉𝑎𝑟(𝑖𝑝𝑓𝑖,𝑡)
= 𝛼1 +

1

1 − 𝛼1 ∙ 𝛽1⏟      
𝐴

∙ [
𝑉𝑎𝑟(𝛿𝑖 + 𝜃𝑡 + 𝜀𝑖,𝑡

𝑂𝑉 + 𝜀𝑖,𝑡
𝐸𝐸)

𝑉𝑎𝑟(𝑖𝑝𝑓𝑖,𝑡)
∙ 𝛽1

⏟                  
𝐵

+
𝐶𝑜𝑣(𝜀𝑖,𝑡

𝑂𝑉, 𝜑𝑖,𝑡)

𝑉𝑎𝑟(𝑖𝑝𝑓𝑖,𝑡)⏟        
𝐶

] 

where the bias is captured by 𝐴 ∙ (𝐵 + 𝐶), where 𝐴 =
1

1−𝛼1∙𝛽1
, 𝐵 =

𝑉𝑎𝑟(𝛿𝑖+𝜃𝑡+𝜀𝑖,𝑡
𝑂𝑉+𝜀𝑖,𝑡

𝐸𝐸)

𝑉𝑎𝑟(𝑖𝑝𝑓𝑖,𝑡)
∙ 𝛽1, 𝐶 =

𝐶𝑜𝑣(𝜀𝑖,𝑡
𝑂𝑉,𝜑𝑖,𝑡)

𝑉𝑎𝑟(𝑖𝑝𝑓𝑖,𝑡)
.  

The econometric model does not provide direct predictions about how the magnitude of the IV 

estimate compares with the OLS estimate, but it helps to sort out the sources of the difference 

between the two estimates. 

It is reasonable to assume that 0 < 𝛼1 < 1 and 0 < 𝛽1 < 1, given the synergetic relationship 

between the cashless payment flow and the BigTech credit provision. With these assumptions, we 

get 𝐴 > 0 and 𝐵 > 0. The sign of C is determined by the covariance between the omitted variable 

term in the credit provision equation and the exogenous error term in the in-person cashless 

payment decision equation, 𝐶𝑜𝑣(𝜀𝑖,𝑡
𝑂𝑉, 𝜑𝑖,𝑡) . This term could either be positive or negative, 

depending on the types of the omitted variables. For example, if the omitted variable is a negative 

shock to the individual’s health condition, its covariance with the shock in the in-person cashless 

payment equation should be negative, since the health shock is likely to increase spending on 

medicine and treatment and decrease the creditworthiness of the individual. On the other hand, if 

the omitted variable is a positive income shock, the covariance should be positive, since the income 

shock is likely to increase both the level of payment flow and the magnitude of credit provision.  
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Figure A1. Typical Use Cases Available via the Alipay App 

This figure describes the typical use cases that are available via the Alipay app, which cover mobility 

services, municipal services, local services, and other services. Alipay acts as consumers’ one-stop shop 

for digital payment and digital financial services, including credit, investment, and insurance. There are 

over 1,000 daily life services and over 2 million mini-programs on Alipay. 

 

 

Source: IPO Prospectus of the Ant Group, 2020 
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Figure A2. Development of China’s Dockless Bike-sharing Industry 

This figure presents the time series of the size of China’s shared two-wheeler market from 2016 to 2020. 

Market size is measured by the gross transaction volume (GTV) in billion CNY.  

 

  

Source: IPO Prospectus of Hello Inc, 2021; iResearch Report 
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Figure A3. Alipay Registration and Shared-bike Adoption 

This bar plot presents the fraction of sampled users in four groups with different relationships between 

Alipay registration and bike adoption. 𝐴𝑑𝑜𝑝𝑡 𝐵𝑖𝑘𝑒 𝑖𝑛 1 𝑀𝑜𝑛𝑡ℎ means that the user starts to use Alipay-

bundled shared bikes within 1 month of registering with Alipay; 𝐴𝑑𝑜𝑝𝑡 𝐵𝑖𝑘𝑒 𝑖𝑛 2 𝑡𝑜 12 𝑀𝑜𝑛𝑡ℎ𝑠 means 

that the user starts to use Alipay-bundled shared bikes more than 1 month but less than 1 year after 

registering with Alipay; 𝐴𝑑𝑜𝑝𝑡 𝐵𝑖𝑘𝑒 𝐿𝑎𝑡𝑒𝑟 𝑡ℎ𝑎𝑛 1 𝑌𝑒𝑎𝑟 means that the user starts to use Alipay-bundled 

shared bikes more than 1 year after registering in Alipay; 𝑁𝑒𝑣𝑒𝑟 𝐴𝑑𝑜𝑝𝑡 𝐵𝑖𝑘𝑒 means that the Alipay user 

has never used Alipay-bundled shared bikes during the sample period.  
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Figure A4. Evidence of the Non-monotone Payment-credit Relationship 

This figure presents the fitted linear and quadratic relationship between the normalized credit line and the 

normalized in-person payment flow.  
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Table A1. Bike-riding Activity and Payment Flow 

This table presents empirical evidence showing the relationship between a user’s bike-riding activity and 

her cashless payment flow, both with and without bike-related spending with the cashless payment. 

𝐴𝑓𝑡𝑒𝑟 𝐹𝑖𝑟𝑠𝑡 𝐵𝑖𝑘𝑒 𝑈𝑠𝑎𝑔𝑒𝑖,𝑡 equals 1 after Alipay user 𝑖 uses a shared bike for the first time and 0 if the 

individual 𝑖 has never used a shared bike. log (1 + # 𝐵𝑖𝑘𝑒 𝑅𝑖𝑑𝑒𝑠)𝑖,𝑡 is the log(1+x) transformed number 

of times individual 𝑖  has used a shared bike at time 𝑡 . log (1 + 𝑅𝑖𝑑𝑖𝑛𝑔 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒)𝑖,𝑡  is the log(1+x) 

transformed total distance individual 𝑖 has traveled using a shared bike at time 𝑡, with the distance measured 

in kilometers. log (1 +  𝐼𝑛 𝑃𝑒𝑟𝑠𝑜𝑛 𝑃𝑎𝑦𝑚𝑒𝑛𝑡 𝐹𝑙𝑜𝑤)𝑖,𝑡  is the log(1+x) transformed total amount of 

individual 𝑖’s in-person payment flow through Alipay at time 𝑡, with the payment flow measured in CNY. 

log (1 +  𝐼𝑛 𝑃𝑒𝑟𝑠𝑜𝑛 𝑁𝑜𝑛 𝐵𝑖𝑘𝑒 𝑃𝑎𝑦𝑚𝑒𝑛𝑡 𝐹𝑙𝑜𝑤)𝑖,𝑡 is the log(1+x) transformed total amount of individual 

𝑖’s in-person payment flow through Alipay that is not related to spending on Alipay-bundled shared bikes 

at time 𝑡, with the payment flow measured in CNY. Columns (1) and (4) use the sample of users who have 

used shared bikes at least once and cover all their periods with activities. Columns (2), (3), (5), and (6) use 

the sample of users who have used shared bikes at least once, and focus on only the periods after they 

started using shared bikes. Regressions in all columns control for both individual fixed effects and year-

month fixed effects. All standard errors are clustered at the city and year-month level. ***, **, and * denote 

the 1%, 5%, and 10% confidence level, respectively. I report standard errors in parentheses.  
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Table A2. Personal Characteristics of Bike Users 

This table reports the relationship between an individual’s personal characteristics and the bike user dummy, 

which indicates whether she has used Alipay-bundled shared bikes at least once. 𝐿𝑜𝑤 𝐸𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛𝑖 equals 

1 if the Alipay user 𝑖 does not have a bachelor’s degree or above and 0 otherwise.  𝑂𝑙𝑑𝑒𝑟 𝑡ℎ𝑎𝑛 𝑀𝑒𝑑𝑖𝑎𝑛𝑖 

is a dummy variable that equals 1 if the Alipay user 𝑖 is older than more than half of the users included in 

the sample and 0 otherwise. 𝐸𝑎𝑟𝑙𝑦 𝐴𝑙𝑖𝑝𝑎𝑦 𝑈𝑠𝑒𝑟𝑖  is a dummy variable that equals 1 if the Alipay 

registration date of user 𝑖 is earlier than more than half of the users included in the sample and 0 otherwise. 

𝐼𝑠 𝑀𝑎𝑙𝑒𝑖 equals 1 if the individual is male and 0 otherwise. 𝑃𝑎𝑦 𝑤𝑖𝑡ℎ 𝑅𝑒𝑎𝑙 𝑁𝑎𝑚𝑒𝑖 is a dummy variable 

that equals 1 if the Alipay system labels Alipay user 𝑖’s account as having passed the real-name verification 

test as of April 2021 and 0 otherwise.  𝑈𝑠𝑒 𝑂𝑤𝑛 𝐴𝑐𝑐𝑜𝑢𝑛𝑡𝑖 equals 1 if the Alipay system labels Alipay user 

𝑖  as having used her own account instead of others’ accounts as of April 2021 and 0 otherwise. 

𝐶𝑜𝑚𝑝𝑙𝑒𝑡𝑒 𝑃𝑟𝑜𝑓𝑖𝑙𝑒𝑖 equals 1 if Alipay user 𝑖 completes all profile information in the Alipay system as of 

April 2021 and 0 otherwise. 𝐵𝑖𝑘𝑒 𝑈𝑠𝑒𝑟𝑖 equals 1 if Alipay user 𝑖 used shared bikes at least once during the 

sample period from May 2017 to September 2020. Column (1) shows the result of simple regression without 

other control variables, column (2) shows the result of the regression that adds city and occupation fixed 

effects, and column (3) shows the result of the regression that further controls for Alipay financial activity 

measures. These measures are  # 𝐿𝑖𝑛𝑘𝑒𝑑 𝐷𝑒𝑏𝑖𝑡 𝐶𝑎𝑟𝑑𝑠𝑖, which is the total number of debit cards linked to 

user 𝑖 ’s Alipay account on April 2021, log (1 +  𝐴𝑙𝑙 𝑇𝑖𝑚𝑒 𝐻𝑖𝑔ℎ 𝐴𝑈𝑀)𝑖 , which is the log(1+x) 

transformed highest amount of individual 𝑖’s asset under management in Alipay platform from May 2017 

to September 2020, and 𝐼𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡 𝐸𝑥𝑝𝑒𝑟𝑖𝑒𝑛𝑐𝑒𝑖, which is the number of months since the user first used 

Alipay’s wealth management service till April 2021. All standard errors are clustered at city level. ***, **, 

and * denote the 1%, 5%, and 10% confidence level, respectively. I report standard errors in parentheses.  
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Table A3. Analysis of the Heterogeneous Effects of Bike Placement 

This table reports the heterogeneous effects of city-level placement of shared bikes on individual-level in-

person payment flow and the digital credit provided to the user. log (𝐵𝑖𝑘𝑒 𝑃𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡)𝑐,𝑡  is a log 

transformation of the number of active shared bikes placed in city 𝑐 at time 𝑡. 𝐵𝑖𝑘𝑒 𝑈𝑠𝑒𝑟𝑖 equals 1 if Alipay 

user 𝑖 has used shared bikes at least once during the sample period from May 2017 to September 2020. 

𝐿𝑜𝑤 𝐸𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛𝑖 equals 1 if the Alipay user 𝑖 does not have a bachelor’s degree or above and 0 otherwise.  

𝑂𝑙𝑑𝑒𝑟 𝑡ℎ𝑎𝑛 𝑀𝑒𝑑𝑖𝑎𝑛𝑖 is a dummy variable that equals 1 if the Alipay user 𝑖 is older than more than half of 

the users included in the sample and 0 otherwise. 𝐸𝑎𝑟𝑙𝑦 𝐴𝑙𝑖𝑝𝑎𝑦 𝑈𝑠𝑒𝑟𝑖 is a dummy variable that equals 1 if 

the Alipay registration date of user 𝑖 is earlier than more than half of the users included in the sample and 

0 otherwise. 𝐼𝑠 𝑀𝑎𝑙𝑒𝑖  equals 1 if the individual is male and 0 otherwise. 𝑃𝑎𝑦 𝑤𝑖𝑡ℎ 𝑅𝑒𝑎𝑙 𝑁𝑎𝑚𝑒𝑖  is a 

dummy variable that equals 1 if the Alipay system labels Alipay user 𝑖’s account as having passed the real-

name verification test as of April 2021 and 0 otherwise.  𝑈𝑠𝑒 𝑂𝑤𝑛 𝐴𝑐𝑐𝑜𝑢𝑛𝑡𝑖 equals 1 if the Alipay system 

labels Alipay user 𝑖 as having used her own account instead of others’ accounts as of April 2021 and 0 

otherwise. log (1 +  𝐼𝑛 𝑃𝑒𝑟𝑠𝑜𝑛 𝑃𝑎𝑦𝑚𝑒𝑛𝑡 𝐹𝑙𝑜𝑤)𝑖,𝑡 is the log(1+x) transformed total amount of individual 

𝑖 ’s in-person payment flow through Alipay at time 𝑡 , with the payment flow measured in CNY. 
log (1 + 𝐶𝑟𝑒𝑑𝑖𝑡 𝐿𝑖𝑛𝑒)𝑖,𝑡 is the log(1+x) transformed credit line of Alipay user 𝑖’s virtual credit card at time 

𝑡, with the credit line measured in CNY. Panel A reports the results of OLS regressions in which the 

dependent variable is log (1 +  𝐼𝑛 𝑃𝑒𝑟𝑠𝑜𝑛 𝑃𝑎𝑦𝑚𝑒𝑛𝑡 𝐹𝑙𝑜𝑤)𝑖,𝑡 . Panel B reports the results of OLS 

regressions in which the dependent variable is log (1 + 𝐶𝑟𝑒𝑑𝑖𝑡 𝐿𝑖𝑛𝑒)𝑖,𝑡. The 𝐶ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑖𝑠𝑡𝑖𝑐 𝑀𝑒𝑎𝑠𝑢𝑟𝑒𝑖 

in each column is separately specified. Regressions in all columns control for both individual fixed effects 

and year-month fixed effects. All standard errors are clustered at city and year-month level. ***, **, and * 

denote the 1%, 5%, and 10% confidence level, respectively. I report standard errors in parentheses.  
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Table A4. Bike Placement and the Local Economy  

This table presents empirical evidence showing that conditional on city fixed effects and year-month fixed 

effects, city-level bike placement does not significantly correlate with key variables that describe local 

economic conditions. log (𝐵𝑖𝑘𝑒 𝑃𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡)𝑐,𝑡 is a log transformation of the number of active shared bikes 

placed in city 𝑐 at time 𝑡. log (𝐺𝐷𝑃)𝑐,𝑡 is the log of the gross domestic product (GDP) of city 𝑐 at time 𝑡. 

log (𝐺𝐷𝑃 𝑝𝑒𝑟 𝑐𝑎𝑝𝑖𝑡𝑎)𝑐,𝑡 is the log of the GDP per capita in city 𝑐 at time 𝑡. Fiscal Spending/GDP𝑐,𝑡 is the 

ratio of local fiscal spending over the local GDP in city 𝑐 at time 𝑡. Fiscal Income/GDP𝑐,𝑡 is the ratio of 

local fiscal spending over the local GDP in city 𝑐 at time 𝑡. All columns show results for the regressions 

with city fixed effects and year-month fixed effects. All standard errors are clustered at city and year-month 

level. ***, **, and * denote the 1%, 5%, and 10% confidence level, respectively. I report standard errors in 

parentheses.  
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Table A5. Non-monotone Payment-Credit Relationship 

This table reports the non-monotone relationship between the normalized in-person payment flow and the 

normalized credit line. 𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝐼𝑛 𝑃𝑒𝑟𝑠𝑜𝑛 𝑃𝑎𝑦𝑚𝑒𝑛𝑡 𝐹𝑙𝑜𝑤𝑖,𝑡 is the total amount of individual 𝑖’s in-

person payment flow through Alipay at time 𝑡, normalized by their highest monthly in-person payment 

flow. 𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝐶𝑟𝑒𝑑𝑖𝑡 𝐿𝑖𝑛𝑒𝑖,𝑡  is the credit line of Alipay user 𝑖 ’s virtual credit card at time 𝑡 , 

normalized by their highest credit line. Regressions in columns (1) and (2) are simple regressions without 

control variables, and regressions in columns (3) and (4) control for both individual fixed effects and year-

month fixed effects. All standard errors are clustered at city and year-month level. ***, **, and * denote 

the 1%, 5%, and 10% confidence level, respectively. I report standard errors in parentheses.  
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Table A6. Robustness: In-person Payment Flow and Credit Provision, 

Controlling for City Times Year-Month Fixed Effects 

This table presents empirical evidence showing the causal relationship between a user’s in-person payment 

flow and the BigTech credit provided to the user after controlling for city times year-month fixed effects, 

on both the extensive margin and the intensive margin. 𝐶𝑟𝑒𝑑𝑖𝑡 𝐴𝑐𝑐𝑒𝑠𝑠𝑖,𝑡 is a dummy variable that equals 1 

if Alipay user 𝑖 has access to Alipay’s virtual credit card at time 𝑡 and 0 otherwise. log (𝐶𝑟𝑒𝑑𝑖𝑡 𝐿𝑖𝑛𝑒)𝑖,𝑡 is 

the log-transformed credit line of Alipay user 𝑖’s virtual credit card at time 𝑡, which is assigned a missing 

value if the measure 𝐶𝑟𝑒𝑑𝑖𝑡 𝐿𝑖𝑛𝑒𝑖,𝑡  is 0. log (1 +  𝐼𝑛 𝑃𝑒𝑟𝑠𝑜𝑛 𝑃𝑎𝑦𝑚𝑒𝑛𝑡 𝐹𝑙𝑜𝑤)𝑖,𝑡  is the log(1+x) 

transformed total amount of individual 𝑖’s in-person payment flow through Alipay at time 𝑡, with the 

payment flow measured in CNY. log (𝐵𝑖𝑘𝑒 𝑃𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡)𝑐,𝑡 is a log transformation of the number of active 

shared bikes placed in city 𝑐 at time 𝑡. 𝐵𝑖𝑘𝑒 𝑈𝑠𝑒𝑟𝑖 equals 1 if the Alipay user 𝑖 has used shared bikes at 

least once during the sample period from May 2017 to September 2020. Panel A reports 2SLS estimates, 

instrumenting for individual-level log in-person payment flow using the interaction term of individual-level 

bike user dummy and city-level log number of active shared bikes; Panel B reports the corresponding first 

stage. Panel C reports the coefficient from an OLS regression of the dependent variable against individual-

level log in-person payment flow. All columns show results for regressions with individual fixed effects 

and year-month fixed effects. Regressions specified in columns (2) and (4) further control for individual 

characteristics including gender, education, occupation, and year of birth. All standard errors are clustered 

at city and year-month level. ***, **, and * denote the 1%, 5%, and 10% confidence level, respectively. I 

report standard errors in parentheses.  
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Table A7. Robustness: In-person Payment Flow and Future Credit Provision 

This table presents empirical evidence showing the persistent relationship between a user’s in-person 

payment flow and the BigTech credit provided to the user, on both the extensive margin and the intensive 

margin. 𝐶𝑟𝑒𝑑𝑖𝑡 𝐴𝑐𝑐𝑒𝑠𝑠𝑖,𝑇 is a dummy variable that equals 1 if Alipay user 𝑖 has access to Alipay’s virtual 

credit card at time 𝑇  and 0 otherwise, where 𝑇  takes value of 𝑡 + 1 , 𝑡 + 2 , or 𝑡 + 3  respectively. 

log (𝐶𝑟𝑒𝑑𝑖𝑡 𝐿𝑖𝑛𝑒)𝑖,𝑇 is the log-transformed credit line of Alipay user 𝑖’s virtual credit card at time 𝑇, which 

is assigned a missing value if the measure 𝐶𝑟𝑒𝑑𝑖𝑡 𝐿𝑖𝑛𝑒𝑖,𝑇 is 0, where 𝑇 takes value of 𝑡 + 1, 𝑡 + 2, or 𝑡 +

3  respectively. log (1 +  𝐼𝑛 𝑃𝑒𝑟𝑠𝑜𝑛 𝑃𝑎𝑦𝑚𝑒𝑛𝑡 𝐹𝑙𝑜𝑤)𝑖,𝑡  is the log(1+x) transformed total amount of 

individual 𝑖’s in-person payment flow through Alipay at time 𝑡, with the payment flow measured in CNY. 

log (𝐵𝑖𝑘𝑒 𝑃𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡)𝑐,𝑡 is a log transformation of the number of active shared bikes in city 𝑐 at time 𝑡. 

Panel A reports 2SLS estimates, instrumenting for individual-level log in-person payment flow using city-

level log number of active shared bikes; Panel B reports the corresponding first stage. Panel C reports the 

coefficient from an OLS regression of the dependent variable against individual-level log in-person 

payment flow. All columns show results for regressions with individual fixed effects and year-month fixed 

effects. All standard errors are clustered at city and year-month level. ***, **, and * denote the 1%, 5%, 

and 10% confidence level, respectively. I report standard errors in parentheses.  
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Table A8. Robustness: In-person Payment Flow and Credit Provision, 

Controlling for Past Payment Flows 

This table presents empirical evidence showing the relationship between a user’s in-person payment flow 

and the BigTech credit provided to the user after controlling for past in-person payment flows, on both the 

extensive margin and the intensive margin. 𝐶𝑟𝑒𝑑𝑖𝑡 𝐴𝑐𝑐𝑒𝑠𝑠𝑖,𝑡 is a dummy variable that equals 1 if Alipay 

user 𝑖 has access to Alipay’s virtual credit card at time 𝑡 and 0 otherwise. log (𝐶𝑟𝑒𝑑𝑖𝑡 𝐿𝑖𝑛𝑒)𝑖,𝑡 is the log-

transformed credit line of Alipay user 𝑖’s virtual credit card at time 𝑡, which is assigned a missing value if 

the measure 𝐶𝑟𝑒𝑑𝑖𝑡 𝐿𝑖𝑛𝑒𝑖,𝑡 is 0. log (1 +  𝐼𝑛 𝑃𝑒𝑟𝑠𝑜𝑛 𝑃𝑎𝑦𝑚𝑒𝑛𝑡 𝐹𝑙𝑜𝑤)𝑖,𝑡 is the log(1+x) transformed total 

amount of individual 𝑖’s in-person payment flow through Alipay at time 𝑡, with payment flow measured in 

CNY. log (𝐵𝑖𝑘𝑒 𝑃𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡)𝑐,𝑡 is a log transformation of the number of active shared bikes placed in city 

𝑐 at time 𝑡. Panel A reports 2SLS estimates, instrumenting for individual-level log in-person payment flow 

using city-level log number of active shared bikes; Panel B reports the corresponding first stage. Panel C 

reports the coefficient from an OLS regression of the dependent variable against individual-level log in-

person payment flow. In columns (1) and (4), all regressions control for the log in-person payment flow in 

the past period; in columns (2) and (5), all regressions control for the log in-person payment flow in the 

past two periods; in columns (3) and (6), all regressions control for the log in-person payment flow in the 

past three periods. All columns show results for regressions with individual fixed effects and year-month 

fixed effects. All standard errors are clustered at the city and year-month level. ***, **, and * denote the 

1%, 5%, and 10% confidence level, respectively. I report standard errors in parentheses.  
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Table A9. Robustness: In-person Payment Flow and Credit Provision, 

Controlling for Bike Usage 

This table presents empirical evidence showing the relationship between a user’s in-person payment flow 

and the BigTech credit provided to the user after controlling for bike usage, on both the extensive margin 

and the intensive margin. 𝐶𝑟𝑒𝑑𝑖𝑡 𝐴𝑐𝑐𝑒𝑠𝑠𝑖,𝑡 is a dummy variable that equals 1 if Alipay user 𝑖 has access to 

Alipay’s virtual credit card at time 𝑡 and 0 otherwise. log (𝐶𝑟𝑒𝑑𝑖𝑡 𝐿𝑖𝑛𝑒)𝑖,𝑡 is the log-transformed credit line 

of Alipay user 𝑖 ’s virtual credit card at time 𝑡 , which is assigned a missing value if the measure 

𝐶𝑟𝑒𝑑𝑖𝑡 𝐿𝑖𝑛𝑒𝑖,𝑡 is 0. log (1 +  𝐼𝑛 𝑃𝑒𝑟𝑠𝑜𝑛 𝑃𝑎𝑦𝑚𝑒𝑛𝑡 𝐹𝑙𝑜𝑤)𝑖,𝑡 is the log(1+x) transformed total amount of 

individual 𝑖’s in-person payment flow through Alipay at time 𝑡, with the payment flow measured in CNY. 

log (𝐵𝑖𝑘𝑒 𝑃𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡)𝑐,𝑡 is a log transformation of the number of active shared bikes placed in city 𝑐 at 

time 𝑡. Panel A reports 2SLS estimates, instrumenting for individual-level log in-person payment flow 

using the city-level log number of active shared bikes; Panel B reports the corresponding first stage. Panel 

C reports the coefficient from an OLS regression of the dependent variable against individual-level log in-

person payment flow. All columns show results for regressions with individual fixed effects and year-month 

fixed effects. All the standard errors are clustered at the city and year-month level. In columns (1) and (3), 

the measure of bike usage is the number of bike rides, while in columns (2) and (4) it is the riding distance 

measured in kilometers. ***, **, and * denote the 1%, 5%, and 10% confidence level, respectively. I report 

standard errors in parentheses.  
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Table A10. Robustness: In-person Payment Flow and Credit Provision, 

Controlling for Online Payment 

This table presents empirical evidence showing the relationship between a user’s in-person payment flow 

and the BigTech credit provided to the user after controlling for online payment, on both the extensive 

margin and the intensive margin. 𝐶𝑟𝑒𝑑𝑖𝑡 𝐴𝑐𝑐𝑒𝑠𝑠𝑖,𝑡 is a dummy variable that equals 1 if the Alipay user 𝑖 

has access to Alipay’s virtual credit card at time 𝑡  and 0 otherwise. log (𝐶𝑟𝑒𝑑𝑖𝑡 𝐿𝑖𝑛𝑒)𝑖,𝑡  is the log-

transformed credit line of Alipay user 𝑖’s virtual credit card at time 𝑡, which is assigned a missing value if 

the measure 𝐶𝑟𝑒𝑑𝑖𝑡 𝐿𝑖𝑛𝑒𝑖,𝑡 is 0. log (1 +  𝐼𝑛 𝑃𝑒𝑟𝑠𝑜𝑛 𝑃𝑎𝑦𝑚𝑒𝑛𝑡 𝐹𝑙𝑜𝑤)𝑖,𝑡 is the log(1+x) transformed total 

amount of individual 𝑖’s in-person payment flow through Alipay at time 𝑡, with the payment flow measured 

in CNY. log (𝐵𝑖𝑘𝑒 𝑃𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡)𝑐,𝑡 is a log transformation of the number of active shared bikes placed in 

city 𝑐 at time 𝑡. Panel A reports 2SLS estimates, instrumenting for individual-level log in-person payment 

flow using the city-level log number of active shared bikes; Panel B reports the corresponding first stage. 

Panel C reports the coefficient from an OLS regression of the dependent variable against individual-level 

log in-person payment flow. All columns show results for regressions with individual fixed effects and 

year-month fixed effects. All standard errors are clustered at the city and year-month level. In columns (1) 

and (3), the measure of online payment is the online payment flow measured in CNY, while in columns (2) 

and (4) it is the number of online transactions. ***, **, and * denote the 1%, 5%, and 10% confidence level, 

respectively. I report standard errors in parentheses.  
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Table A11. Age, In-person Payment Flow, and Credit Provision 

This table presents empirical evidence showing the causal relationship between a user’s in-person payment 

flow and the BigTech credit provided to the user, separately for older and younger groups, on both the 

extensive margin and the intensive margin. 𝐶𝑟𝑒𝑑𝑖𝑡 𝐴𝑐𝑐𝑒𝑠𝑠𝑖,𝑡 is a dummy variable that equals 1 if the Alipay 

user 𝑖 has access to Alipay’s virtual credit card at time 𝑡 and 0 otherwise. log (𝐶𝑟𝑒𝑑𝑖𝑡 𝐿𝑖𝑛𝑒)𝑖,𝑡 is the log-

transformed credit line of Alipay user 𝑖’s virtual credit card at time 𝑡, which is assigned a missing value if 

the measure 𝐶𝑟𝑒𝑑𝑖𝑡 𝐿𝑖𝑛𝑒𝑖,𝑡 is 0. log (1 +  𝐼𝑛 𝑃𝑒𝑟𝑠𝑜𝑛 𝑃𝑎𝑦𝑚𝑒𝑛𝑡 𝐹𝑙𝑜𝑤)𝑖,𝑡 is the log(1+x) transformed total 

amount of individual 𝑖’s in-person payment flow through Alipay at time 𝑡, with the payment flow measured 

in CNY. log (𝐵𝑖𝑘𝑒 𝑃𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡)𝑐,𝑡 is a log transformation of the number of active shared bikes placed in 

city 𝑐 at time 𝑡. Panel A reports 2SLS estimates, instrumenting for individual-level log in-person payment 

flow using the city-level log number of active shared bikes; Panel B reports the corresponding first stage. 

Panel C reports the coefficient from an OLS regression of the dependent variable against individual-level 

log in-person payment flow. All columns show results for regressions with individual fixed effects and 

year-month fixed effects. Columns (1) and (3) use the subsample of older people, who are older than more 

than half of the individuals in the sample; columns (2) and (4) use the subsample of younger people, who 

are not older than half of the individuals in the sample. All standard errors are clustered at city and year-

month level. ***, **, and * denote the 1%, 5%, and 10% confidence level, respectively. I report standard 

errors in parentheses.  

 

 


