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1 Introduction
In the last five years, Fintech firms around the world have started to offer a new form of
consumer credit—a virtual credit product designed as an alternative way of paying for
consumption. As the Economist put it, “A group of Fintech firms are changing the way
consumers borrow.” 2 Fintech consumer credit is offered in the United States by Affirm (whose
founder is the same as PayPal’s), in Sweden by Klarna, in Australia by Afterpay, and in China
by Fintech giants like Alibaba and Tencent.
Although Fintech consumer credit is often described as a virtual credit card, it differs from
traditional credit cards in several respects. First, Fintech consumer credit is embedded in mobile
payment networks and can only be used through the Fintech company’s digital payment tool.
For Fintech consumer credit, one needs a mobile payment account with the issuing Fintech
company, which is similar to needing an account at an issuing bank when one applies for a
credit card. Second, Fintech companies evaluate their applicants in a more “Fintech” and
inclusive way. Usually, a Fintech company can use nontraditional information like payment
histories, digital footprints, and social networks based on automated algorithms and big data to
evaluate its preexisting users’ eligibility, which allows them to provide financial services to
underbanked consumers with shorter credit histories.
The large user base of mobile payments and the demand of underbanked consumers have
empowered the rapid growth of Fintech consumer credit, which raises concerns about its real
effects and risks. Not only is Fintech consumer credit new in the Fintech sense, but consumer
credit itself is also new for a large proportion of Fintech users (especially in China and some
European countries like France and Sweden), who are usually younger than 30 and who do not
have credit cards or credit scores. How is Fintech consumer credit different from traditional
credit cards? How will Fintech users respond once they are given access to Fintech consumer
credit? With these questions in mind, we study the consumption response of Fintech consumer
credit and find a mixed story. Fintech consumer credit acts through the classic mechanism of
liquidity constraint alleviation. However, it also acts like insurance so that the mere availability
of credit is enough to generate a consumption-boosting effect through reduced precautionary
2 The Economist, “Creditworthy: A group of Fintech firms are changing the way consumers borrow,” October 10, 2019.
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liquidity; consumers need not actually tap the credit line. This finding is different from most
previous studies on credit cards, which document that credit card holders usually borrow to
spend and accumulate significant high-interest debt (Bertaut, Haliassos, & Reiter, 2009; Gross
& Souleles, 2002; Haliassos & Reiter, 2005; Telyukova, 2013).
Our study is based on a unique data set of an experiment conducted in June 2017 by a
representative Fintech company in China, Ant Group (Chinese: 蚂蚁集团，hereinafter “Ant”),
which was established in October 2014 as an affiliate company of the Chinese Alibaba Group.
Ant is now one of the most valuable Fintech companies in the world. Ant provides a popular
digital payment tool, Alipay, which more than 900 million people use in China. 3 The digital
payment tool incorporates a series of financial services such as loans, wealth management, and
insurance. To conduct the experiment on Fintech consumer credit, Ant drew millions of users
who are eligible for consumer credit 4 from its preexisting customer base, assigned part of the
users as treatment group and extended Fintech consumer credit to them, and assigned the other
eligible users to a control group who were not offered credit. The experiment is exogenous but
not totally randomized, which will be discussed in detail in Section 2. The unique experiment,
combined with monthly consumption information obtained through users’ payment records,
allows us to estimate the causal effect of Fintech consumer credit on consumption and to
investigate the underlying mechanism. It also allows us to explore Fintech’s differences from
traditional credit cards.
Although China is not the only setting in which we can investigate this issue, our setting
possesses several notable features.
First, rapidly developing Fintech businesses and the wide acceptance of digital payments
in China create a large user base for Fintech consumer credit. The volume of Fintech consumer
credit in Alipay has grown from 0 in 2015 to 1700 billion RMB（nearly 257 billion US dollars）
in 2020. 5 Therefore, our setting enables us to study this new form of consumer credit in a
relatively mature Fintech market with a large sample.
3 Retrieved from https://expandedramblings.com/index.php/alipay-statistics/ Alipay statistics and facts; accessed on July 25,
2020.
4 The company evaluates the eligibility of its consumers for Fintech consumer credit based on a proprietary business model and
fully automated algorithm. Due to business confidentiality issues, the detailed model cannot be revealed.
5 Retrieved from: http://static.sse.com.cn/stock/information/c/202008/e731ee980f5247529ea824d20fcdb293.pdf; accessed on
November 10, 2020.

5

Second, the company initiated and issued the Fintech consumer credit in this experiment
based on its fully automated algorithm; the users who were not granted Fintech consumer credit
by the company could not request it. In addition, this experiment was conducted during the
early stages of Fintech consumer credit development, when ordinary people did not expect nor
were even aware of Fintech consumer credit unless the Fintech firm offered them the option.
Therefore, our experiment, which is based on 2017 data, better ensures externality than current
data, making this experiment valuable and appropriate.
Third, the demand for Fintech credit products usually comes from financially underserved
consumers. Thus, evaluating the extensive margin of Fintech is more important than evaluating
the intensive margin in capturing the overall effect of Fintech in the real world. According to
the Financial Inclusion Index provided by the World Bank, more than two-thirds of adults in
the United States have at least one credit card, making it difficult to evaluate the extensive
margin of consumer credit. In contrast, less than one-third of the adult population in China have
a credit history and credit scores. 6 Compared with existing studies that mainly focus on the
consumption response after an increase in the preexisting credit limit (Aydin, 2019; Gross &
Souleles, 2002), our setting allows us to observe and assess the extensive margin of consumer
credit for consumers granted credit for the first time.
Based on a subsample of the experiment including 50,000 users from the treatment group
and another 50,000 users from the control group, 7 we employ a difference-in-difference
approach to examine the effect of Fintech consumer credit on the monthly total consumption
recorded by Alipay. After the treated group was authorized to use Fintech consumer credit, their
average consumption increases significantly. Controlling for user fixed effects and month fixed
effects, we show that the access to Fintech consumer credit raises average monthly consumption
by RMB 73, which corresponds to an increase of approximately 4.78% relative to Chinese
average monthly consumption, 8 indicating a significant consumption-boosting effect of
Fintech consumer credit both statistically and economically.
6 Retrieved from: http://www.gov.cn/xinwen/2015-10/27/content_2954607.htm; accessed on July 11, 2020.
7 The full sample is not available for research due to data protection rules of the company. The subsample is randomly drawn
from the full sample by the company’s data safety department.
8 The average yearly consumption of Chinese is 18,322 RMB. Retrieved from:
http://www.stats.gov.cn/tjsj/zxfb/201801/t20180118_1574931.html; accessed on August 5, 2020.
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We next explore the mechanism through which Fintech consumer credit impacts
consumption and show that the effect arises not only from the alleviation of liquidity constraints
but also through the provision of liquidity insurance. To identify the classic liquidity constraint
mechanism, we proxy the liquidity constraint from both the demand side by the actual amount
of credit used and the supply side by the total amount of credit granted. A consumer is thought
to be more liquidity-constrained when they draw a larger proportion of funds from a lower
credit line. We find that the consumption-boosting effects are more pronounced for liquidityconstrained users. Moreover, 86.9% of users in the treated group did not actually use the Fintech
consumer credit extended to them, but still significantly increased their consumption. The
positive spending response for zero-utilization users could not be fully explained by a liquidity
constraint mechanism, so we propose the liquidity insurance mechanism and explore it further.
We then provide additional evidence on the liquidity insurance mechanism; specifically,
access to Fintech consumer credit itself functions as insurance for future liquidity needs and
could release liquidity reserves into consumption. We investigate the changes in consumption,
preexisting liquidity holdings, and interest-bearing savings for zero-utilization consumers. We
find that zero-utilization users use more of their preexisting liquidity after gaining access to
Fintech consumer credit, and the unlocked precautionary liquidity flows to both consumption
and interest-earning savings. Such findings rule out the possibility that increased consumption
comes from reduced savings and lend evidence to the idea that users see the Fintech consumer
credit as liquidity insurance and reduce the precautionary liquidity they have saved. We then
split credit use into unused available credit, interest-free spending, and interest-bearing
spending and find that both used and unused credit contribute to higher consumption, further
confirming the mixed story for the coexistence of both a liquidity constraint mechanism and a
liquidity insurance mechanism.
We next turn to the analysis of Fintech consumer credit and traditional credit cards by
exploring a special subsample of the treated users who have preexisting credit cards. We further
confirm the liquidity insurance mechanism in this subsample, where credit card–holding users
expand both their overall consumption and their credit card usage after being extended Fintech
consumer credit. This also means that our study does not support a finding that virtual credit
7

cards (i.e., Fintech consumer credit) crowd out physical credit cards.
Finally, we exploit cross-sectional variations for consumer groups and different
consumption categories. The consumption-boosting effects are more pronounced for males,
younger people, and users in second-tier cities. We find that the treated users increase their
consumption both online and offline by economically meaningful magnitudes. At the same time,
we find no evidence of excessive consumption after users are extended Fintech consumer credit.
Our findings bear important implications for regulators. Regulatory concern for
overspending and the systematic risk of Fintech consumer credit were the main reasons for the
government’s suspension of Ant’s IPO in November 2020—one of the most striking financial
developments in 2020. According to our study, at least during the early stage, the liquidity
insurance mechanism dominates in the consumption-boosting effect, but the liquidity constraint
alleviation mechanism plays a relevant role for only some of the users. The pattern found in the
early experiment could efficiently provide support for emergent unexpected liquidity shocks
and avoid the overspending problem and indebtedness. One way to reduce the risks of Fintech
consumer credit is to rediscover a balancing point between its liquidity insurance function and
its liquidity constraint alleviation function.
Our paper contributes to several strands of literature. First, we focus on a new type of
consumer credit offered by Fintech giants around the world, which is different from other wellexplored consumer credit in the form of mortgages, microcredit, and credit cards (Abdallah &
Lastrapes, 2012; Fuster et al., 2019; Kaboski & Townsend, 2012; Stango & Zinman, 2016).
Although attention to Fintech has been growing, much of it has focused on peer-to-peer lending,
cryptocurrency, machine learning, and blockchain (Agarwal et al., 2019; Berg et al., 2020;
Gambacorta et al., 2019; Goldstein et al., 2019; Tang, 2019; Vallee & Zeng, 2019), and little is
currently known about Fintech consumer credit. Our paper is among the first to document the
effects of Fintech consumer credit.
Second, most existing studies implicitly assume that only utilized credit could boost
consumption. Thus, these studies focus on the actually used credit and document a debt
response alongside a spending response under a liquidity constraint mechanism (Bacchetta &
Gerlach, 1997; Ekici & Dunn, 2010; Friedman, 1957; Gross & Souleles, 2002; Hall & Mishkin,
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1982; Hayashi, 1985; Karlan & Zinman, 2010; Ludvigson, 1999; Mishkin, 1976; Zeldes, 1989).
In additional to that mechanism, we find that even unused credit has a consumption-boosting
effect, in which the spending response appears without a positive debt response. To explain our
finding, we are inspired by the “liquidity insurance” mechanism discussed in corporate finance
literature regarding the function of credit lines obtained by firms from banks (Acharya et al.,
2018; Chen, Hu, & Mao, 2011; Holmström & Tirole, 1998; Tirole, 2010), which has not been
deeply explored in the consumer finance literature. To support the liquidity insurance function
of consumer credit, we provide evidence that the mere access to Fintech consumer credit—even
if unused by consumers—could provide insurance for future liquidity needs and consequently
release the consumer’s preexisting precautionary liquidity holdings into consumption.
Finally, we complement earlier research on consumer credit that mainly focuses on
economies that had been experiencing a debt-driven consumption boom (Aydin, 2019; Gross
& Souleles, 2002; Ponce, Seira, & Zamarripa, 2017). Our setting differs from earlier settings in
that most consumers in our study were granted credit for the first time and had limited access
to traditional credit cards. This difference allows us to explore the extensive margin of
consumer credit and address the significance of Fintech-driven financial inclusion. Our finding
is consistent with D’Acunto (2020), who also looks into first-time borrowers from a major
European Fintech bank. The similarities of the consumption response in our paper and
D’Acunto (2020) reduce possible external validity concerns.
The rest of this paper is organized as follows. The next section describes the institutional
setting, explores the experiment and the data set, and sets out a strategy for empirical analysis.
The third section presents the main results and the mixed story, including a discussion of the
liquidity constraint mechanism and the liquidity insurance mechanism. The fourth section
conducts further heterogeneity analyses. The last section concludes.

2 Overview of the Experiment and Empirical Specification
2.1 Ant Group and Fintech consumer credit
To test for the effects of Fintech consumer credit, we cooperated with Ant Group, the
largest Fintech company in China. Ant provides a popular digital payment, Alipay, and
incorporates a series of financial services such as loans, savings, wealth management, and
9

users’ risk enables Ant to provide credit to consumers who are unbanked and lack a credit
history. A large proportion of Huabei users do not have traditional credit cards, and most users
do not qualify for bank-issued credit cards.
2.2 Experiment
Our analysis is based on an experiment carried out by Ant in June 2017. To better
understand consumer credit usage, Ant’s consumer credit department conducted a trial on
millions of users from those who had already met Ant’s credit eligibility criteria but had not yet
been offered consumer credit. 12 Eligibility was evaluated mainly by users’ payment and
consumption histories, which indicated how much consumer credit users could afford and repay.
The company then assigned some active Alipay users to the treatment group; these individuals
were offered Fintech credit and were notified of their new credit limits. The other users in the
control group were excluded from the Fintech consumer credit offer and could not request credit.
The treatment group could use the extended credit starting in June 2017. The experiment ended
after two months, in August 2017, when the control group was granted credit as well.
It should be noted that assignment to the treatment group is not random. For profit and
cost considerations, credit was extended to those who had a higher chance of utilizing it.
Although the treatment group and control group were equally eligible to obtain consumer credit
and shared similar patterns of payment and consumption, the treatment group was drawn from
a subset of users who were more-active Alipay users. The control group used Alipay mainly as
a payment tool, while the treatment group explored all kinds of financial products provided on
the Alipay platform. For example, on average, the treatment group checked their credit
reporting score in Alipay more frequently, invested more money into the wealth management
products in Alipay, and bought more insurance from Alipay platforms.
The selection bias of the treatment group is a double-edged sword for our study. On the
one hand, randomness is sacrificed for business efficiency, which means we could not directly
compare the differences before and after the experiment for the treatment group. Instead, a
difference-in-difference approach should be adopted and the activeness of Alipay users should
be controlled for in the estimation. On the other hand, it helps us alleviate the concern of shifting
12

The detailed model for evaluating eligibility could not be shown here due to business confidentiality issues.
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behavior, specifically, that the users may use Alipay more frequently due to the additional
function of consumer credit and because the increase of consumption recorded by Alipay may
only represent an increase of Alipay usage. In this experiment, with the treatment group already
being the most active users of Alipay, the consumption in Alipay would be more representative
for treatment users’ overall consumption, and using Alipay to pay would be a well-established
habit for the treatment group rather than a newly induced behavior due to extended credit.
The trial also had several key features to ensure the exogeneity of Fintech consumer credit.
First, the company used a fully automated algorithm to determine eligibility and credit limits
of the users according to its proprietary business models, so the users could not possibly
anticipate their eligibility; this ensured that the treatment and control groups had similar
expectations. Second, Ant did not explicitly notify its customers that they were part of an
experiment. This lack of notification eliminated the possibility that the treatment group could
partially respond to the experiment itself. The control group did not expect to receive the
Fintech credit after the experiment in August either. Third, since most of the users from firsttier cities had already been offered this Fintech credit product, the sample comprised users only
from second-tier and below cities, where users had little chance of learning about the Fintech
consumer credit from neighbors or colleagues back in 2017. This experiment offers a unique
opportunity to study the effects of a truly exogenous credit supply shock—unexpected credit
access. This process satisfies the externality condition in our empirical setting, alleviating the
reverse causality problem that consumers may actively apply for credit based on their high
consumption needs.
2.3 Sample and data
Our final data set is a subsample of users in the experiments, including 700,000 user-month
observations for 100,000 users between January and July 2017. The full sample is not available
for research due to Ant’s data protection rules. The company’s data safety department randomly
drew 5000 users from the original treatment group and matched 5000 users based on their
consumption and payment histories from the original treatment group.
The parallel pretrends of consumption between the treated and control groups are shown
in Figure 1. Due to business confidentiality issues, separate trends for the level of consumption
12

by controlled and treated users could not be revealed. Instead, in Figure 1, we display the ratio
of consumption of treated to controlled users before and after the experiment. The ratio is
between 0.99 and 1.00 before the experiment, indicating there is no significant difference in the
level and trends of monthly consumption between the two groups in each month prior to the
experiment.
[Insert Figure 1 here.]
Table I shows summary statistics for the main variables in our analysis. Panels A and B
describe the treatment and control groups, respectively. In addition to consumption records,
there are several available control variables: a user’s financial position proxy measured by the
monthly cashflow in their Alipay account; the YuE Bao account balance to measure the user’s

savings in Alipay; the age of the Alipay account; the number of bank cards tied to the Alipay
account; the user’s age and gender; and a dummy indicating whether the user has a credit card.
Furthermore, we obtain information on: 1) the amount of the credit line offered by the Fintech
consumer credit, 2) actual utilization of Fintech consumer credit, and 3) how much of the
borrowed amount is repaid before the end of the grace period (i.e., interest-free spending) and
how much of the borrowed amount is not repaid in full by the end of the billing cycle and thus
accumulates interest. 13
[Insert Table I here.]
In Table I, although we find no statistically significant differences in the levels of pretrend
variables regarding consumption and users’ age and gender, we do notice the financial position
and YuE Bao account balances are significantly higher for the treated group. The treatment
group uses Alipay more frequently and more actively explores more functions of Alipay besides
payments. To control for the potential bias, we adopt a difference-in-difference method as the
main strategy in the empirical setting and control for users’ activeness with the financial
position proxy variable.
Although consumption paid for with Alipay is only part of a consumer’s aggregate
consumption, there are reasons to believe in the representativeness of our analysis. First, digital
payments through third-party payment tools have become a major choice for ordinary Chinese
13
Summary statistics for these variables are not shown here due to commercial confidentiality issues and relevant regulations in
China.
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for day-to-day spending, including both online purchases and in-store payments in almost all
large shopping malls, supermarkets, retail stores, and even market stalls. According to a market
survey conducted by Ipsos, the third-largest market research company in the world, 58% of
day-to-day expenses of Chinese have been paid for via a third-party payment tool. 14 Second,
among third-party payment tools, Alipay is one of the most popular. The number of Alipay users
is over 900 million, accounting for more than 90% of Chinese aged 15–65.
As reported in Table I, monthly Alipay consumption in our sample before treatment was
RMB 250, amounting to 16.3% of the consumption reported by the National Bureau of
Statistics (NBS) of China, which was RMB 1,530. 15 Note that because the experiment in this
paper excludes Alipay users in first-tier cities, who have higher consumption, and focuses on
users from the second-tier and below cities, towns, and even rural areas, the Alipay
consumption in our study is lower than the actual consumption for all Alipay users.
2.4 Model specification
Our data set covers the pretreatment and posttreatment periods from January to July 2017,
which allows us to construct a set of difference-in-difference (DID) estimations in which we
compare the outcomes of the treated users after gaining access to Fintech consumer credit
relative to the time before they had credit access and relative to users in the control group. The
estimation model is specified as follows:
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑖𝑖𝑖𝑖 = 𝛽𝛽0 + 𝛽𝛽1 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑖𝑖 + 𝛽𝛽2 𝑝𝑝𝑜𝑜𝑠𝑠𝑠𝑠𝑡𝑡 + 𝛽𝛽3 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑖𝑖 ∗ 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑡𝑡 + 𝛾𝛾𝑋𝑋𝑖𝑖𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖 ,

(1)

where consumptionit is consumption spending recorded by the payment tool for consumer i in
month t; treati is a dummy variable that equals one for users in the treatment group, that is,
those with access to Fintech consumer credit, and zero for those in the control group; postt is
an indicator variable that equals one for user-month observations in June and July during the
two-month experiment, and zero otherwise. Xit is a set of control variables including users’
gender, age, and a proxy variable for their financial positions, and εit is the error term.
We further add user fixed effect vi and month fixed effect ut in Equation (2):
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑖𝑖𝑖𝑖 = 𝛽𝛽0 + 𝛽𝛽3 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑖𝑖 ∗ 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑡𝑡 + 𝛾𝛾𝑋𝑋𝑖𝑖𝑖𝑖 + 𝑣𝑣𝑖𝑖 + 𝑢𝑢𝑡𝑡 + 𝜀𝜀𝑖𝑖𝑖𝑖 .

(2)

Retrieved from https://www.ipsos.com/zh-cn/yipusuoipsoszhongbang-2019diyijidudisanfangyidongzhifuyonghuyanjiubaogao;
accessed on July 31, 2020.
15
The average yearly consumption of Chinese is 18,322 RMB. Retrieved from:
http://www.stats.gov.cn/tjsj/zxfb/201801/t20180118_1574931.html; accessed on August 5, 2020.
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We expect a significantly positive 𝛽𝛽3 in both settings, which indicates a positive spending

response to the extensive margin of credit, that is, access to Fintech consumer credit.

3 Main Results
3.1 Baseline results
We begin by focusing on the overall level of the consumption response to the extensive
margin of credit, that is, the availability of a new credit line. Table II shows the results for the
estimated impact of Fintech consumer credit on total consumption spending. In Column (1), we
start with an intent-to-treat analysis that simply compares total expenditures of customers in the
treatment group with total expenditures of customers in the control group as our baseline results,
without control variables or user or time fixed effects. Column (2) shows the results with the
control variables included. Column (3) adds user fixed effects to the results in Column (2).
Column (4) shows the results under the most rigorous model setting with both user and time
fixed effects in Equation (2).
[Insert Table II here.]
In all settings, the interaction term between the treatment and the time indicator, treati*postt,
is the variable of interest. The significant and positive coefficient on the interaction term in
Column (1) implies that Fintech consumer credit facilitates consumption. Compared with the
users without access to Fintech consumer credit, the average monthly consumption of the
treated group increases by RMB 92, which corresponds to an increase of approximately 36.8%
relative to the pretreatment monthly consumption documented by Alipay (0.092/0.25) and 6.03%
relative to the total average monthly consumption (0.092/1.53) reported by NBS of China. 16
With the addition of control variables and fixed effects, the coefficient magnitude varies slightly
from RMB 73 to 81, accounting for 29.2–32.4% of pretreatment monthly consumption
documented by Alipay and 4.78–5.29% of average total monthly consumption by NBS. The
effects are always statistically significant at the 1% level.
There is a possibility of overestimating the economic magnitude, since the treated users
may shift from other payments to Alipay to take advantage of the Fintech consumer credit.
Therefore, even without an actual increase in overall consumption, the shifting behavior could
16
The average yearly consumption of Chinese is RMB 18,322. Retrieved from:
http://www.stats.gov.cn/tjsj/zxfb/201801/t20180118_1574931.html; accessed on August 5, 2020.
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generate an increase in consumption documented by Alipay. Taking the above concerns into
consideration, we stick to NBS consumption to measure a relatively conservative economic
magnitude. In the next section, we will deal with the payment-shifting concerns by focusing on
users who do not actually utilize their Fintech consumer credit and thus are least motivated to
shift to Alipay to enjoy the credit convenience.
The coefficients of age and proxied financial position show a significant positive
relationship with consumption spending, and the average monthly consumption of men is
significantly lower than that of women. The insignificant coefficients of treati provide evidence
that there is no significant difference in consumption between the treatment and control groups
in the pretreatment period. In addition, the positive coefficient on postt is in line with the
increasing trend of consumption in China.
3.2 The liquidity constraint (alleviation) mechanism
We next examine the potential channels driving the consumption response. The classical
explanation for this finding is the liquidity constraint (alleviation) mechanism, specifically, that
the newly granted credit would boost consumption mainly for consumers with previously
binding liquidity constraints. While most studies split the sample based on liquidity holdings
and ratios of financial assets into income, our analysis is confined to variables recorded by Ant
and cannot provide analysis using measurements similar to those used in the existing literature.
As often pointed out in the existing literature, the frequently used measurements conflate
liquidity demand and supply (D’Acunto et al., 2020; Gross and Souleles, 2002; Hayashi, 1985;
Zeldes, 1989). To alleviate the endogeneity stemming from credit issuers’ increasing credit
supply when they expect credit demand to rise, we proxy the extent of the liquidity constraint
by employing both liquidity supply and demand measurements.
Specifically, on the supply side, the unanticipated access to credit and an automatically
determined credit line present a unique opportunity to identify a relatively exogenous liquidity
supply compared to the control group. On the demand side, we use the actual amount borrowed
on the new credit line to capture users’ liquidity needs. Users with less liquidity supply and
more liquidity demand are more likely to be liquidity-constrained. In Table III, we first split the
treatment group at the median line of credit into two groups of a higher and lower line of credit.
16

Then, we split each group further into three subgroups of higher, lower, and no utilization,
according to whether the credit is used and the median of the used amount for those who have
drawn on the credit. We have six subsamples for analysis.
[Insert Table III here.]
Table III shows the results for subsamples of the different levels of credit lines and used
portions of available credit. The impact of Fintech consumer credit on consumption is estimated
in each subsample by comparing the subsample of the treated group with the entire control
group. The users with a lower credit line and a higher used portion of available credit are the
ones who most likely faced binding liquidity constraints. For example, the results in Column
(1) show the consumption response for the users with the highest level of liquidity supply and
lowest level of demand, namely, consumers with the least possibility of being constrained,
while the results in Column (6) show the impact for consumers with the lowest liquidity supply
and highest liquidity demand, that is, those with the strongest liquidity constraint.
In all regressions, we are mainly interested in the coefficients of the interaction term
treati*postt. Comparing the results within the subgroups of a higher line of credit (Columns (1)–
(3)), we find that for users with similar liquidity supply and different liquidity demands, the
magnitude of the coefficients increases with the increasing demand for credit, that is, from zero,
to lower, to higher demand. For the consumers with a higher line of credit, monthly
consumption increases by RMB 84, RMB 144, and RMB 470 among the users with zero, lower,
and higher credit utilization, respectively, compared to the control group. The story is the same
for the consumers with a lower line of credit (Columns (4)–(6)): the average monthly
consumption increases by RMB 30, RMB 110, and RMB 349 for users with zero, lower, and
higher credit utilization, respectively. The results indicate that consumption for users with a
higher credit demand and the same level of credit supply (i.e., stronger liquidity constraints)
responds more to consumer credit access.
Also note that a large proportion of treated users—more than 80% of the total treated users,
as indicated by the large number of observations in Column (1) and Column (4)—choose not
to utilize their credit lines at all (zero-utilization users). However, even for zero-utilization users,
the coefficients of the interaction term are still significant both statistically and economically.
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In other words, a large portion of treated users choose not to use the extended credit but still
increase their consumption after having access to consumer credit.
The consumption-boosting effects observed in zero-utilization users help alleviate our
concern about payment-shifting. Since the zero-utilization users have not actually tapped their
Fintech consumer credit, the possibility of shifting from other payments to Alipay in order to
enjoy the credit convenience is relatively lower. However, at first glance, such result seems
contrary to the liquidity constraint theory given that zero utilization indicates a nonbinding
liquidity constraint and thus there should be no effect on consumption after extending credit to
those users. To explain such results, we will refer to the liquidity insurance function of Fintech
consumer credit later. Briefly, before Ant extended credit to the treated users, the users would
not utilize all their liquidity in order to make sure they still had spare liquidity in the event of
an emergency. After they were extended new liquidity, their access to Fintech consumer credit
provided insurance for future liquidity needs and released their preexisting precautionary
liquidity into consumption. We will explore the liquidity insurance function in more detail in
Section 4.
The analysis above mainly focuses on the extensive margin of the extended credit. Next,
we use variations in credit lines to examine the impact of Fintech consumer credit at the
intensive margin. In Table IV, we explore how consumption responds to a higher credit line.
Similar to Table III, we show the results for six subsamples with different liquidity supplies and
demands. The estimation model is specified as in Equation (2) with the only change being the
substitution of the interaction term treati*postt with the variable Credit line to measure the
amount of the newly granted Fintech consumer credit line.
[Insert Table IV here.]
In Table IV, for the consumers in the group with similar credit demand levels, the
magnitude of the consumption response is always larger than that for consumers with a lower
credit line. This suggests consumers with relatively less liquidity supply use the additional
credit for consumption to a greater extent than consumers with relatively more liquidity supply,
which accords with the prediction of a liquidity constraint mechanism.
For example, the results in Columns (3) and (6) of Table IV show the estimated effects for
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users with a higher credit demand. The coefficient magnitude of 0.454 in Column (3) implies
that an additional increase of RMB 1,000 in the credit limit for users with a higher credit supply
is associated with RMB 454 higher consumption, while the consumption response for users
with a relatively lower credit supply is RMB 700 (Column (6)). The larger magnitude of the
coefficient in Column (6) compared to Column (3) indicates that a one-unit increase of credit
granted would lead to a more pronounced increase in utilizing and consuming for consumers
with previously less liquidity supply and more binding liquidity constraints.
An important identification concern regarding the intensive margin is the endogenous
credit line that the company may assign based on users’ consumption histories. One might
worry that the company assigns a higher credit line when it foresees a higher need for spending.
We caution that the analysis using variations in credit lines for all treated users would be biased;
however, this endogeneity concern might not be as significant in our setting as one might fear
because we include users in the randomly assigned control group. In our setting, access to
Fintech consumer credit is truly exogenous, and users in the control group who have a similar
consumption history as those in the treatment group should have been assigned similar credit
lines, but in the present experiment they have a zero credit line. The random assignment to the
control and treatment groups ensures that the credit line of treated users is exogenous relative
to controlled users. This partly alleviates the endogeneity concern. In addition, we find that for
a similar level of credit demand, the magnitude of the consumption response to an additional
increase in available credit is larger in the group with the lower credit line, which is not
consistent with the argument that the company foresees a higher need for consumption and
raises the credit line accordingly.
3.3 The liquidity insurance mechanism
We argue that neither the standard life-cycle permanent income model of Friedman (1957),
the classic liquidity constraint mechanism explored in the last section, nor the buffer stock
model of Deaton (1991), Carroll (1997), and Aydin (2019) can fully explain our results. The
standard life-cycle permanent income models predict no consumption response to extended
credit, whereas we find a positive consumption response. The classic liquidity constraint
mechanism implies the consumption response would only exist for liquidity-bound consumers,
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whereas our study indicates that consumption increases even for consumers with substantial
liquidity capacity. The buffer-stock model, in which consumers keep a buffer of savings to
insure against future uncertainty, explains the consumption response for nonbinding consumers,
but fails to explain why consumers would increase their spending even without using the
extended credit.
According to our research, the mere existence of the Fintech consumer credit seems to act
as liquidity insurance against future negative shocks and release consumers’ preexisting
precautionary liquidity holdings into consumption. In the liquidity insurance mechanism
documented below, if new lines of credit become available, consumers would have a
precommitted liquidity provision for possible spending in the future and become able to spend
more of their preexisting precautionary liquidity and increase their present consumption. In this
process, the mere existence of access to Fintech consumer credit is enough to ensure consumers
of further liquidity provision and allows consumers to release their existing precautionary
liquidity without actually tapping the new Fintech consumer credit.
In Table V, we will restrict the following analysis to treated users who have not activated
the Fintech consumer credit despite its being offered. Specifically, we focus on zero-utilization
users. We will provide evidence for the release of preexisting precautionary liquidity after users
obtain access to Fintech consumer credit and rule out the possibility of increasing consumption
by reducing savings. We exploit consumption paid for by available credit card to proxy part of
the existing precautionary liquidity and find that zero-utilization consumers in the treatment
group use more of their existing liquidity for spending (Column (1) in Table V), compared to
the control group. We then use YuE Bao 17 balances, a financial saving product embedded in
the Alipay wallet that has higher returns than traditional demand deposits, to proxy for part of
income-earning savings. Column (2) suggests that YuE Bao balances increase once Fintech
consumer credit is available for users, implying that the increased consumption is not driven by
the users’ shift away from savings. The increase of the YuE Bao balance also implies that the
17
YuE Bao, which means “leftover treasures” because it was originally promoted as a way to invest money left over in Alipay, is
a money market fund on Alipay’s platform. In 2017, it offered an annualized seven-day yield of 3.96%, compared to an interest
rate of 0.35% a year for an ordinary demand deposit in a savings account, and the return is nearly on a par with the rate of fiveyear bank deposits. YuE Bao has no minimum amount requirement and one can invest as little as 0.1 RMB, which would be
unimaginable for investment in conventional funds. It had more than 260 million users in 2017. Retrieved from
https://www.forbes.com/sites/ericxlmu/2014/05/18/yuebao-a-brief-history-of-the-chinese-internet-financingupstart/#54240473c0e1; accessed on July 6, 2020.
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released liquidity would flow to assets with higher returns.
We also include consumption by credit cards and YuE Bao balances into independent
variables and compare the magnitudes of the consumption response to Fintech consumer credit
in Columns (3)–(5). The coefficients of treati*postt decrease slightly as part of the precautionary
liquidity channel are controlled for, which lends initial evidence to the role of released liquidity
in raising overall consumption.
[Insert Table V here.]
We note that the magnitudes of coefficients of the interaction terms in Columns (1) and (2)
are quite small. It is plausible that the average effects are diluted due to small shares of credit
card holders and YuE Bao owners in our sample, which only includes Alipay users from lessdeveloped areas in China. We provide more evidence by restricting the sample to credit card
holders and YuE Bao owners in Tables VI and VII, respectively.
In Table VI, we first select credit card holders from the treated and control groups, and
then keep the zero-utilization users of the selected treatment group and the whole selected
control group. We then compare total consumption and the consumption paid through credit
cards in the first two columns. In Column (3) of Table VI, average monthly consumption
increases by RMB 96 for zero-utilization users with credit cards, which is larger than the
average increase of RMB 42 among all zero-utilization users in the treatment group (Column
(3) in Table V). In Column (1) Table VI, monthly credit card–based spending increases by RMB
40, which accounts for approximately 41.7% (0.040/0.096) of the overall consumption response.
The magnitudes of the consumption response decrease from RMB 96 in Column (3) to RMB
61 after controlling for consumption by credit cards in Column (4), which suggests that Fintech
consumer credit boosts consumption by releasing the unused existing liquidity such as available
credit card credit limits.
[Insert Table VI here.]
In Table VII, we first restrict the sample to active YuE Bao users who have positive YuE
Bao balances in the pretreatment period and then select the zero-utilization users in both the
treatment and control groups. We find that users increase their YuE Bao balances and overall
consumption significantly after having access to Fintech consumer credit. In terms of
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magnitude, average monthly YuE Bao balances and consumption increase by RMB 216 in
Column (1) and RMB 24 in Column (3), respectively. In Column (4), we include YuE Bao
balances in control variables and find that the increase in consumption is now slightly smaller
at RMB 19, which is not significantly different from the coefficient in Column (3). These results
provide evidence that the increase of consumption is not driven by a reduction of savings.
[Insert Table VII here.]

3.4 A mixed story of liquidity constraint alleviation and liquidity insurance
Based on the evidence above, we argue that the consumption-boosting effect of Fintech
consumer credit arises from both the alleviation of liquidity constraint and the provision of
liquidity insurance. One possible approach to test for the coexistence of the liquidity constraint
mechanism and the liquidity insurance mechanism is to explore the relationship between
consumption and both the used and unused part of Fintech consumer credit. While the liquidity
constraint mechanism totally relies on the actual usage of credit lines to alleviate the previous
binding constraints, the liquidity insurance mechanism only depends on the unused part that
ensures the consumers’ access to a precommitted provision of credit for future liquidity
shortfalls. Therefore, after controlling for the used credit, a positive correlation between
consumption after being treated and the unused credit amount would isolate the liquidity
insurance mechanism from the liquidity constraint mechanism in the consumption-boosting
effect.
To distinguish between used credit and unused credit, we disaggregate the total credit line
into unused available credit (the amount of remaining credit that can be used in the future),
interest-free spending (the used amount repaid before the end of the grace period), and interestbearing spending (the used amount carried from the previous billing cycle that incurs interest).
Table VIII shows the regression results by replacing the interaction term treati*postt in Equation
(2) with the unused available credit in Column (1) and the line of credit in Column (2) and with
interest-free spending and interest-bearing spending. For all observations in the pretreatment
period and observations in the control group in the post-treatment period, the four variables
defined above take the value of zero.
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The coefficient magnitude of 0.027 on the unused available credit in Column (2) of Table
VIII implies that each extra thousand RMB of available credit is associated with an average
increase of RMB 27 in consumption, consistent with the idea that the untapped credit could
also boost consumption, supporting its insurance function. The significant positive coefficients
for the used part of credit, including both interest-free spending and interest-bearing spending,
lend evidence to the liquidity constraint mechanism.
[Insert Table VIII here.]
Furthermore, the estimated coefficient on interest-bearing spending is smaller than that on
interest-free spending, but it is still quite significant, indicating liquidity obtained by rolling
over the actual balances relieves current financial pressure and raises consumption but also
incurs some interest burden. This is consistent with studies that suggest household debt and
interest burdens lower expectations regarding access to future credit and thus lead to a
precautionary reduction of current consumption (Dynan & Edelberg, 2013; Ekici & Dunn,
2010).
Integrating the results from Table III to Table VIII, we provide detailed evidence for a
mixed story for Fintech consumer credit, where the whole picture would include both liquidity
constraint alleviation and liquidity insurance provision. This liquidity insurance finding is
contrary to most existing studies but in line with D’Acunto et al. (2020), which also focuses on
first-time borrowers. As DAcunto et al. (2020 , p.3) put it, “The insurance role of obtaining a
credit facility for the first time does not apply to borrowers who already had access to credit,
and hence the effect we document could not arise in earlier settings that vary the intensive
margin of credit.”
The coexistence of both mechanisms bears important policy implications for Fintech
regulations. As Fintech greatly increases financial access and promotes financial inclusion,
concerns have arisen on how to avoid overspending and household indebtedness. However,
Fintech consumer credit can boost consumption without increasing the leverage ratio of
household sectors if the insurance liquidity mechanism dominates the liquidity constraint
mechanism. The art of regulation for Fintech consumer credit would be a balancing point,
which provides just enough insurance in normal periods and avoids the debt accumulation
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except for emergent and unexpected liquidity constraints.

4 Further Analyses
In this section, we first explore the dynamics between Fintech consumer credit and
traditional credit cards by investigating a subsample of credit card holders in this experiment.
Then we decompose the consumption into offline and online consumption and show that both
types contribute to increased consumption. We also distinguish different commodity categories
and find no evidence for excessive spending on entertainment. Finally, we examine the
distinctions across the residence and age of consumers as dimensions of heterogeneity for the
consumption-boosting effects.
4.1 The dynamics between Fintech consumer credit and traditional credit cards
One important question is how Fintech consumer credit and traditional credit cards interact
with each other. We explore their interactions by focusing on credit card holders in this
experiment. Intuitively, it is unclear whether Fintech consumer credit crowds out or
complements traditional consumer credit. One possibility is that Fintech consumer credit would
crowd out traditional credit cards since it is embedded in mobile payment networks and is more
convenient to use. Another possible result is that spending by credit cards would increase due
to liquidity insurance provided by newly granted Fintech consumer credit.
Table IX shows the consumption response to Fintech consumer credit of all credit card
owners in our data set. Specifically, the sample includes users in both the treatment and control
groups who have credit cards. In Column (1), the average monthly consumption of credit card
owners increases by RMB 166 after being extended Fintech consumer credit, which is higher
than the average of all treated users (RMB 73) in the benchmark results (Column (3) in Table
II). In Column (2), credit card consumption also increases for treated credit holders, where the
increase in credit card-based consumption accounts for 22.3% (0.037/0.166) of the aggregate
consumption increase. Access to Fintech consumer credit is associated with more credit card
usage, suggesting that the liquidity insurance effect is dominant for credit card holders. Instead
of substituting or crowding out traditional credit card payments, access to Fintech consumer
credit provides further liquidity insurance to release the reserved capacity in credit cards and
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induce more usage of credit cards. This finding lines up with D’Acunto et al. (2020), which
documents a pecking order of utilizing existing deposit savings before using the newly granted
credit lines.
[Insert Table IX here.]
This finding is also in line with the explanation in Telyukova (2013) for the “credit card
debt puzzle” phenomenon. Previous studies find that households report having significant
revolving credit card debt and holding sizeable amounts of low-return liquid assets
simultaneously, which is known as the “credit card debt puzzle” (Bertaut, Haliassos, & Reiter,
2009; Gross & Souleles, 2002; Haliassos & Reiter, 2005; Telyukova, 2013). Telyukova (2013)
argues that the low-return liquid assets have broader use than credit cards, and the holding of
unspent liquidity satisfies the precautionary liquidity demand better than credit lines offered by
credit cards. In our setting, as the Fintech consumer credit could be used on major e-commerce
platforms for most day-to-day purchases whereas traditional credit cards in China could not, it
is reasonable that consumers follow a pecking order to utilize more preexisting liquidity from
credit cards after being granted new Fintech consumer credit.
4.2 Online and offline consumption
In the past few years, China’s e-commerce has grown tremendously, and Fintech consumer
credit originates from e-commerce platforms. This leads us to question whether the structure of
consumption has changed from offline to online. Is the consumption-boosting effect driven by
the growing trend of e-commerce and online consumption? With this question in mind, we
compare the impact of Fintech credit on online consumption and offline in-store consumption.
If both types of consumption have increased, our evidence on the positive impact of Fintech
consumer credit on overall consumption would be more convincing.
Table X shows the results for the impact of Fintech consumer credit on both online and
offline in-store consumption. Coefficients of the interaction term treati*postt show a positive
and significant impact of credit on both online and offline consumption, and the magnitude of
the increase in offline in-store consumption is even greater. The average monthly online and
offline in-store consumption is RMB 32 and RMB 41 more among users in the treatment group
than users in the control group, respectively. Overall, the results indicate that the facilitation
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effect of Fintech consumer credit applies not only to online spending and is not solely driven
by the rapid development of e-commerce.
[Insert Table X here.]
4.3 Consumption in different commodity categories
The consumer credit provided by Fintech companies might serve as a gateway to credit for
individuals who would not have received a line of credit from a traditional bank (e.g., Bartlett
et al., 2018; Claessens et al., 2018; Dobbie et al., 2018). However, populations who have never
had access to credit services generally have low financial literacy, giving rise to a concern as to
whether they could manage their finances well. Does access to Fintech consumer credit lead to
severe misuse of credit and excessive consumption? More specifically, is a consumption
increase driven by luxury goods or entertainment? To answer these questions, we examine the
impact of consumption spending on different commodity categories and discuss the related
concern of excessive spending.
Due to data deficiencies regarding the specific categories for offline spending and online
spending on platforms not owned by Alibaba, we could only analyze online spending conducted
on Alibaba’s e-commerce platforms. Given that Alibaba has over half of the e-commerce
market share in China,18 the concern about the representativeness of our analysis is greatly
eased. Consumption from Alibaba’s e-commerce platform could be classified into three types:
consumption for necessities, consumption for development, and consumption for entertainment.
For example, a bag of rice would be classified as a necessity, a math book would be classified
as development, and movie tickets would be classified as entertainment. The remaining
unclassified consumption is categorized as “other.” If there is evidence that access to Fintech
consumer credit mainly raises spending on necessities, the concern regarding excessive
spending and credit misuse would be mitigated to some degree.
Table XI shows the estimated impact on the different commodity categories of online
consumption. Following access to consumer credit, the increase in consumption for necessities,
development, and entertainment is estimated to be RMB 14, RMB 4, and RMB 9, respectively.
Consumption for necessities responds the most to the credit supply. An increase of RMB 9 in
According to an e-commerce survey conducted by iMedia Research. Retrieved from https://www.iimedia.cn/c400/61300.html;
accessed on August 5, 2020.
18
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consumption for entertainment and of RMB 4 in consumption for development is not
economically significant. This is in line with the fact that our sampled users are from secondtier and below cities, so most of their expenditures are on relatively pressing necessities. Overall,
there is no significant evidence that improved access to Fintech consumer credit among eligible
consumers leads to excessive consumption.
[Insert Table XI here.]
4.4 Consumption for consumers from different city tiers
Table XII shows the estimated results for consumption by consumers in different cities,
and here we detect substantial heterogeneity. The Chinese city tier system is a hierarchical
classification of Chinese cities, and it is frequently referred to by various media publications
and economic analyses. 19 Conventionally, the consensus is that cities are classified as four tiers
including first tier, second tier, third tier, and fourth tier and below. First-tier cities represent the
most-developed areas of the country. They are large, densely populated urban metropolises that
have huge economic, cultural, and political influence in China, while fourth-tier and below
cities are mainly developing and small cities. 20 In our study, we group third-tier and fourth-tier
and below cities and towns into one subsample mainly for sample balance concerns. Compared
with consumers in the control group who are not offered Fintech consumer credit, average
monthly consumption increases RMB 96, RMB 61, and RMB 65 among users in the treatment
group from second-tier, third-tier, and fourth-tier and below cities, respectively. The largest
magnitude of impact in second-tier cities is in line with expectations once we consider the
liquidity insurance mechanism, since these users usually have relatively higher disposable
incomes. 21
[Insert Table XII here.]
Although the liquidity constraint mechanism predicts a greater consumption response for
people who are more likely to have binding constraints, the liquidity insurance mechanism
19
Retrieved from https://en.wikipedia.org/wiki/Chinese_city_tier_system#cite_note-SouthPost-11; accessed on December 23,
2020.
20
A widely used but unofficial list published by the South China Morning Post ranks 613 Chinese cities in four tiers, with the
first-tier cities consisting of Beijing, Shanghai, Guangzhou, Tianjin, and Chongqing. We mainly refer to this list in our analysis.
https://multimedia.scmp.com/2016/cities/ China’s tiered city system explained; accessed on December 23, 2020.
21
Due to statistical issues, we used GDP per capita to proxy income in different cities. In 2017, the GDP per capita exceeded
10,500 USD in second-tier cities, while it was around 9,000 USD and 6,000 USD in third- and fourth-tier cities, respectively.
Please see http://www.chyxx.com/industry/201801/601744.html.
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suggests the opposite through the important role of preexisting liquidity. In Table XII, the
consumption-boosting effect is more pronounced for users in second-tier cities, who have
relatively more preexisting liquidity such as disposable income in our sample; it is less
pronounced for users in third-tier and below cities or towns, who are more likely to have binding
constraints. Thus, the heterogeneity across different city tiers adds more supporting evidence
for the existence of the liquidity insurance mechanism. This finding also lines up with D’Acunto
et al. (2020), which shows the spending reaction is higher for users with more liquid assets.
4.5 Consumption differences by consumer demographics
We further estimate the impact for groups of different genders and ages in the subsamples,
and Table XIII shows the results. Regression results in Columns (1)–(3) suggest that men have
a stronger propensity to consume out of Fintech consumer credit than women. However, recall
that the baseline results in Table II show lower absolute consumption for men; thus, the greater
marginal propensity to consume is consistent with a generally assumed diminishing marginal
utility function. Table XIII also shows that the increase in consumption after being extended
Fintech consumer credit tends to be the largest for users younger than 35 years old. This finding
is consistent with models of life-cycle theory and liquidity constraint, which state that in the
early years of life, individuals are still at the initial stage of accumulating wealth and face the
stress of marrying and settling down, especially in traditional Chinese culture. These
households usually have lower credit limits and are more likely to face binding constraints; thus,
their consumption would respond significantly to an increased credit supply.
[Insert Table XIII here.]

5 Conclusions
In this paper, we provide empirical evidence on the impact of a new form of consumer
credit widely provided by Fintech firms, namely, Fintech consumer credit. Fintech consumer
credit is a virtual credit product designed as an alternative payment method for purchases that
has become popular among underbanked consumers. We use a unique data set of an experiment
conducted by a representative Chinese Fintech company and find a significant increase in
consumption after users have been granted access to Fintech consumer credit.
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We further validate that the consumption-boosting effect arises from a mixed story, which
includes both a classic liquidity constraint (alleviation) mechanism and a relatively new channel
of liquidity insurance. While the increase of consumption is more pronounced for liquidityconstrained users who have a lower credit supply and a higher credit demand, the increase in
consumption is also significant for zero-utilization users who have not actually started to use
the Fintech consumer credit. The mere existence of credit access, even if unused by consumers,
generates the consumption-boosting effect by providing insurance for future liquidity needs and
releasing the preexisting precautionary liquidity holdings into consumption. Then we conduct
various robustness checks and provide several heterogeneous analyses.
Our findings are crucial for understanding Fintech consumer credit and have important
implications. First, one implicit assumption in studies of consumer credit is that only the used
credit alleviates consumers’ liquidity constraints. Our study documents that unused consumer
credit could also boost consumption as a type of liquidity insurance, where access alone to
precommitted future credit provides insurance for future liquidity needs and could release
precautionary liquidity into consumption. In this sense, the Asian culture’s avoidance of debt
would not impair the usefulness and desirability of consumer credit. Ant had more than 100
million Fintech consumer credit users in China in 2019, and its popularity indicates how Fintech
has served the underserved and included the financially excluded. Second, while Fintech
consumer credit is viewed as a virtual credit card provided by a Fintech company, Fintech
consumer credit does not substitute or crowd out traditional credit cards offered by banks, at
least in our sample. 22 During the experiment, the credit card holders not only increased their
overall consumption after being granted Fintech consumer credit but also increased their credit
card spending, suggesting that access to Fintech consumer credit has not substituted for
traditional credit cards but rather acted as liquidity insurance and thus increased the propensity
to consume out of credit cards instead. Third, the Fintech regulators could find a balancing point
for Fintech consumer credit between the mechanisms of liquidity insurance and liquidity
constraint. Encouraging the dominant role of the insurance mechanism would effectively avoid
We caution that our sample excludes the first-tier cities in China, which leads to a lower share of credit card holders in our
sample compared to the share of all Fintech consumer credit users. Due to business confidentiality considerations, the actual
share of credit card holders in all Ant’s Fintech consumer credit users cannot be revealed.
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household indebtedness. However, the liquidity insurance mechanism alone does not satisfy the
profit maximization goal of Fintech companies; therefore the government would have to step
in to achieve socially optimal outcomes.
There are two important caveats to our analysis. First, the analysis is based on a twomonth experiment. Second, the study was conducted in second- and lower-tier cities in China.
It would be interesting to evaluate whether the above results hold in the long run. For example,
given that a significant proportion of people did not tap into the credit line during the twomonth experiment, are they more likely to utilize the credit during a longer period? Future
researchers could also try to collect data about the excluded users in first-tier cities and how
existing Fintech consumer credit users respond to an increase in their credit limit. As the
development of Fintech has promoted financial inclusion, it is important to investigate the
intensive margin of credit limits from a policy perspective. Whether the results hold in
developed countries and other emerging economies are other areas for further study.
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Figure 1 Parallel pretrends of consumption in the pretreatment period
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Table I Summary statistics
Before (January–May)
Vars

No. Obs

Mean

After (June–July)
Std.

Median

No. Obs

Mean

Std. Dev

Median

Dev
A. Treatment Group
Consumption

250,000

0.25

0.21

0.19

100,000

0.39

0.99

0.21

Online consumption

250,000

0.18

0.19

0.10

100,000

0.22

0.47

0.10

In-store consumption

250,000

0.07

0.11

0.01

100,000

0.18

0.87

0.02

Financial position

250,000

1.16

2.00

0.3

100,000

2.13

5.18

0.40

YuE Bao balance

250,000

0.08

1.61

0.00

100,000

0.47

4.76

0.00

Alipay account age

250,000

1.65

1.12

1.38

100,000

1.65

1.12

1.38

No. of bankcards

250,000

1.35

0.66

1

100,000

1.35

0.66

1

Credit cardd

250,000

0.01

0.10

0

100,000

0.01

0.10

0

Age

250,000

31.75

8.68

30

100,000

31.75

8.68

30

Maled

250,000

0.41

0.49

0

100,000

0.41

0.49

0

B. Control Group

No. Obs

Mean

Std.

Median

No. Obs

Mean

Std. Dev

Median

Dev
Consumption

250,000

0.25

0.21

0.20

100,000

0.30

0.56

0.19

Online consumption

250,000

0.18

0.20

0.11

100,000

0.18

0.34

0.09

In-store consumption

250,000

0.07

0.11

0.01

100,000

0.12

0.45

0.00

Financial position

250,000

1.19

2.25

0.15

100,000

1.66

3.45

0.10

YuE Bao balance

250,000

0.01

0.19

0.00

100,000

0.02

0.52

0.00

Alipay account age

250,000

1.48

0.93

1.29

100,000

1.48

0.93

1.29

No. of bankcards

250,000

1.24

0.56

1

100,000

1.24

0.56

1

Credit cardd

250,000

0.01

0.07

0

100,000

0.01

0.07

0

Age

250,000

31.81

8.37

30

100,000

31.81

8.37

30

Maled

250,000

0.41

0.49

0

100,000

0.41

0.49

0

Note. One-sided t-tests on consumption, online consumption, and in-store consumption show that these
variables of the treatment group are not statistically higher in the pretreatment period compared to the
control group. Consumption, Online consumption, In-store consumption, Financial position, and YuE
35

Bao balance are in thousand RMB. Financial position is proxied by monthly cashflow in the Alipay
account. Alipay account age is the number of years starting from the date the user opened an Alipay
account to June 2017. No. of bankcards is the number of all bankcards tied to the user’s Alipay account,
including both debit and credit cards. In rows 9 and 10 of both panels, superscripts “d” indicate a dummy
variable with a value of one indicating the user owns at least one credit card and is male.
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Table II Baseline results: Fintech consumer credit and consumption
Dependent variable：aggregate consumption（monthly, thousand RMB）
Treat
Post
Treat×Post

(1)

(2)

−0.001

−0.0001

(0.001)

(0.001)

0.049***

0.038***

0.030***

(0.002)

(0.002)

(0.002)

0.092***

0.081***

0.073***

0.073***

(0.002)

(0.002)

(0.002)

(0.002)

0.022***

0.039***

0.039***

(0.0002)

(0.0003)

(0.0003)

Financial position
Age

(3)

(4)

0.0005***
(0.0001)

Male

−0.017***
(0.001)

Constant

★***

★***

User fixed effects

NO

NO

YES

YES

Time fixed effects

NO

NO

NO

YES

Observations

700,000

700,000

700,000

700,000

0.011

0.030

0.245

0.247

0.011

0.030

0.119

0.121

R

(0.001)

2

Adjusted R

2

(0.002)

Note. Financial position is proxied by monthly cashflow in the user’s Alipay account. ***p < 0.01; **p
< 0.05; *p < 0.1.
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Table III Liquidity constraint: Measured by credit supply and demand
Dependent variable: aggregate consumption (monthly, thousand RMB)
Subsamples

Higher credit

Higher credit

Higher credit

Lower credit

Lower credit

Lower credit

line and zero

line and lower

line and higher

line and zero

line and lower

line and higher

utilization

used amount

used amount

utilization

used amount

used amount

(2)

(3)

(5)

(6)

(4)

(1)

Post

0.029***

0.038***

0.034***

0.038***

0.038***

0.038***

(0.002)

(0.001)

(0.001)

(0.001)

(0.001)

(0.001)

Treat×Post

0.084***

0.144***

0.470***

0.030***

0.110***

0.349***

(0.004)

(0.006)

(0.007)

(0.002)

(0.009)

(0.009)

Financial position

0.041***

0.023***

0.030***

0.023***

0.023***

0.023***

(0.0004)

(0.0004)

(0.0004)

(0.0003)

(0.0004)

(0.0004)

User fixed effects

YES

YES

YES

YES

YES

YES

Time fixed effects

NO

NO

NO

NO

NO

NO

Observations

429,653

365,561

365,561

574,623

357,301

357,301

0.238

0.250

0.274

0.240

0.249

0.250

0.111

0.125

0.153

0.113

0.124

0.125

R

2

Adjusted R2

Note. The treatment group is split at the median credit line into two groups: higher (above-median level)
and lower (below-median level) credit line. Then, each group is further split into three groups of higher
(above-median level), lower (below-median level), and zero utilization according to the median value of
their credit balance. Financial position is proxied by monthly cashflow in the Alipay account. *** p <
0.01; ** p < 0.05; * p < 0.1.
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Table IV The intensive margin and liquidity constraints
Dependent variable: aggregate consumption (monthly, thousand RMB)
Subsamples

Higher credit

Higher credit

Higher credit

Lower credit

Lower credit

Lower credit

line and zero

line and lower

line and higher

line and zero

line and lower

line and higher

utilization

used amount

used amount

utilization

used amount

used amount

(2)

(3)

(5)

(6)

(4)

(1)
Credit line

0.027***

0.108***

0.454***

0.058***

0.198***

0.700***

(0.002)

(0.005)

(0.006)

(0.004)

(0.018)

(0.020)

0.041***

0.022***

0.029***

0.022***

0.022***

0.022***

(0.0004)

(0.0004)

(0.0004)

(0.0003)

(0.0004)

(0.0004)

User fixed effects

YES

YES

YES

YES

YES

YES

Time fixed effects

YES

YES

YES

YES

YES

YES

Observations

429,653

365,561

365,561

574,623

357,301

357,301

0.240

0.254

0.277

0.244

0.253

0.254

0.113

0.130

0.156

0.118

0.129

0.129

Financial position

R

2

Adjusted R

2

Note. The treatment group is split at the median credit line into two groups: higher (above-median level)
and lower (below-median level) credit line. Then, each group is further split into three groups of higher
(above-median level), lower (below-median level), and zero utilization according to the median value of
credit balance. Financial position is proxied by monthly cashflow in the Alipay account. *** p < 0.01;
** p < 0.05; * p < 0.1.
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Table V Mechanism: Liquidity insurance channel
Dependent variables (monthly, thousand RMB)
Credit card

YuE Bao balance

Consumption

(1)

(2)

(3)

(4)

(5)

0.0003**

0.00004***

0.033***

0.032***

0.032***

(0.0001)

(0.00000)

(0.002)

(0.002)

(0.002)

0.002***

0.0001***

0.042***

0.040***

0.038***

(0.000)

(0.0000)

(0.002)

(0.002)

(0.002)

0.0001***

0.00003***

0.034***

0.033***

0.033***

(0.0000)

(0.00000)

(0.000)

(0.000)

(0.000)

Credit card

1.000***

1.000***

consumption

(0.014)

(0.014)

consumption

Post
Treat×Post
Financial position

YuE Bao balance

11.768***
(0.964)

User fixed effects

YES

YES

YES

YES

YES

Time fixed effects

NO

NO

NO

NO

NO

Observations

645,995

645,995

645,995

645,995

645,995

0.213

0.784

0.235

0.241

0.242

0.082

0.747

0.107

0.115

0.115

R

2

Adjusted R

2

Note. This table includes treated users who do not actually use the credit line (i.e., zero-utilization users)
and all controlled users in both pretreatment and posttreatment periods.

Consumption and YuE Bao

balance are on a monthly basis and in thousand RMB. Financial position is proxied by monthly cashflow
in the Alipay account. ***p < 0.01; **p < 0.05; *p < 0.1.
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Table VI Mechanism: Released precautionary liquidity to consumption
Dependent variables (monthly, thousand RMB)

Post
Treat×Post

Credit card consumption

Consumption

(1)

(3)

(4)

0.0001

0.044*

0.044*

(0.008)

(0.024)

(0.023)

0.040***

0.096***

0.061**

(0.010)

(0.031)

(0.029)

Credit line

(2)

0.011**
(0.005)

Credit card consumption

0.896***
(0.050)

Financial position

-0.001

-0.001

0.050***

0.051***

(0.001)

(0.001)

(0.003)

(0.003)

User fixed effects

YES

YES

YES

YES

Time fixed effects

NO

YES

NO

NO

Observations

4,081

4,081

4,081

4,851

0.294

0.293

0.271

0.275

0.176

0.174

0.149

0.153

R

2

Adjusted R

2

Note. In this table, we first select credit card holders from the data set and then keep the zero-utilization
users of the treatment group and the users of the control group.

Consumption is on a monthly basis and

in thousand RMB. Financial position is proxied by monthly cashflow in the Alipay account. ***p < 0.01;
**p < 0.05; *p < 0.1.
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Table VII Mechanism: Released precautionary liquidity to saving
Dependent variables
YuE Bao balance
(1)
Post
Treat×Post

Consumption
(3)

(4)

0.020***

0.038***

0.038***

(0.005)

(0.007)

(0.007)

0.216***

0.024***

0.019**

(0.006)

(0.009)

(0.010)

Credit line

(2)

0.123***
(0.003)

YuE Bao balance

0.026***
(0.006)

Financial position

0.014***

0.012***

0.041***

0.040***

(0.000)

(0.000)

(0.001)

(0.001)

User fixed effects

YES

YES

YES

YES

Time fixed effects

NO

YES

NO

NO

Observations

73,941

73,941

73,941

73,941

0.526

0.548

0.233

0.233

0.447

0.472

0.105

0.105

R

2

Adjusted R

2

Note. In this table, we first restrict the sample to active YuE Bao users who have positive YuE Bao
balances in the pretreatment period; from that group, we select the zero-utilization treatment and control
group users. Consumption and YuE Bao balance are on a monthly basis and in thousand RMB. Financial
position is proxied by monthly cashflow in the Alipay account.
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***p < 0.01; **p < 0.05; *p < 0.1.

Table VIII Liquidity constraint: Unused credit, interest-free and interest-bearing
spending
Dependent variable: Aggregate consumption (monthly, thousand RMB)
(1)
Credit line

(2)

0.027***
(0.002)

Unused available credit

0.027***
(0.002)

Interest-free spending

1.090***

1.116***

(0.016)

(0.016)

0.727***

0.753***

(0.037)

(0.037)

0.038***

0.038***

(0.0003)

(0.0003)

User fixed effects

YES

YES

Time fixed effects

YES

YES

Observations

700,000

700,000

R2

0.253

0.253

Adjusted R2

0.128

0.128

Interest-bearing spending

Financial position

Note. Financial position is proxied by monthly cashflow in the Alipay account. ***p < 0.01; **p <
0.05; *p < 0.1.
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Table IX Fintech consumer credit vs. traditional credit cards
Dependent variables
Aggregate consumption

Credit card consumption

(1)

(2)

0.035

-0.001

(0.041)

(0.008)

0.166***

0.037***

(0.050)

(0.010)

0.068***

0.001

(0.005)

(0.001)

User fixed effects

YES

YES

Time fixed effects

NO

NO

Observations

4,851

4,851

0.226

0.275

0.097

0.153

Post
Treat×Post
Financial position

R

2

Adjusted R

2

Note. The sample includes all users who own a credit card. Consumption is on a monthly basis and in
thousand RMB. Financial position is proxied by monthly cashflow in the Alipay account.
**p < 0.05; *p < 0.1.
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***p < 0.01;

Table X Impact of Fintech consumer credit on various types of consumption
Dependent variables: disaggregated consumption（monthly, thousand
RMB）
Offline in-store consumption

Online consumption

(1)

(2)

0.028***

0.002***

(0.001)

(0.001)

0.041***

0.032***

(0.001)

(0.001)

0.035***

0.004***

(0.0002)

(0.0002)

User fixed effects

YES

YES

Time fixed effects

NO

NO

Observations

700,000

700,000

0.250

0.313

0.125

0.198

Post
Treat×Post
Financial position

R

2

Adjusted R

2

Note. Financial position is proxied by monthly cashflow in the Alipay account. ***p < 0.01; **p < 0.05;
*p < 0.1.
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Table XI Impacts on various commodity categories
Dependent variables: disaggregated online consumption（monthly，thousand RMB）
Necessities

Development

Entertainment

Other

(1)

(2)

(3)

(4)

−0.010***

0.003***

0.007***

0.002***

(0.001)

(0.0003)

(0.0004)

(0.0003)

0.014***

0.004***

0.009***

0.004***

(0.001)

(0.0005)

(0.001)

(0.0004)

0.001***

0.001***

0.001***

0.001***

(0.0001)

(0.0001)

(0.0001)

(0.0001)

User fixed effects

YES

YES

YES

YES

Time fixed effects

NO

NO

NO

NO

Observations

700,000

700,000

700,000

700,000

R2

0.328

0.218

0.217

0.237

0.216

0.087

0.086

0.110

Post
Treat×Post
Financial position

Adjusted R

2

Note. The four categories of consumption—necessities, development, entertainment, and other—are
classified according to the criteria of Alibaba’s e-commerce platforms. Financial position is proxied by
monthly cashflow in the Alipay account. ***p < 0.01; **p < 0.05; *p < 0.1.
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Table XII Consumption for consumers from different city tiers
Dependent variable: aggregate consumption (monthly, thousand RMB)
Subsamples

Second-tier cities

Third-tier cities

Fourth-tier and below cities
and towns

(1)

(2)

(3)

0.043***

0.025***

0.025***

(0.003)

(0.003)

(0.002)

0.096***

0.061***

0.065***

(0.004)

(0.004)

(0.003)

0.035***

0.059***

0.026***

(0.0005)

(0.001)

(0.0004)

User fixed effects

YES

YES

YES

Time fixed effects

NO

NO

NO

Observations

197,918

230,531

270,172

R2

0.250

0.259

0.234

Adjusted R2

0.125

0.135

0.106

Post
Treat×Post
Financial position

Note. Financial position is proxied by monthly cashflow in the Alipay account. ***p < 0.01; **p < 0.05;
*p < 0.1.
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Table XIII Consumption differences by consumer demographics
Dependent variable: aggregate consumption (monthly, thousand RMB)
Subsamples

Age: 35–44

Age: > 45

(5)

(6)

0.024***

0.037***

0.056***

(0.002)

(0.002)

(0.004)

(0.005)

0.062***

0.080***

0.056***

0.060***

(0.004)

(0.003)

(0.003)

(0.005)

(0.007)

0.039***

0.038***

0.040***

0.039***

0.046***

0.023***

(0.0003)

(0.0004)

(0.0004)

(0.0003)

(0.001)

(0.001)

User fixed effects

YES

YES

YES

YES

YES

YES

Time fixed effects

NO

NO

NO

NO

NO

NO

Observations

700,000

284,298

415,702

458,185

177,464

64,351

0.245

0.248

0.243

0.255

0.231

0.234

0.120

0.123

0.117

0.130

0.103

0.107

Post
Treat×Post
Male×Post

Full sample

Male

Female

(1)

(2)

(3)

0.015***

0.052***

0.015***

(0.002)

(0.003)

0.062***

0.089***

(0.003)

Age: 20–34
(4)

0.036***
(0.003)

Male×Treat×Post

0.026***
(0.005)

Financial position

R

2

Adjusted R

2

Note. Financial position is proxied by monthly cashflow in the Alipay account. ***p < 0.01; **p < 0.05;
*p < 0.1.
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