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Abstract

Using a unique FinTech data containing monthly individual-level consumption, in-
vestments, and payments, we examine how FinTech can lower investment barriers and
improve risk-taking. Seizing on the rapid expansion of offline usages of Alipay in China,
we measure individuals’ FinTech adoption by the speed and intensity with which they
adopt the new technology. Our hypothesis is that individuals with high FinTech adop-
tion, through repeated usages of the Alipay app, would build familiarity and trust,
reducing the psychological barriers against investing in risky assets. Measuring risk-
taking by individuals’ mutual-fund investments on the FinTech platform, we find that
higher FinTech adoption results in higher participation and more risk-taking. Using the
distance to Hangzhou as an instrument variable to capture the exogenous variation in
FinTech adoption yields results of similar economic and statistical significance. Focus-
ing on the welfare-improving aspect of FinTech inclusion, we find that individuals with
high risk tolerance, hence more risk-taking capacity, and those living in under-banked
cities stand to benefit more from the advent of FinTech.
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1 Introduction

On household finance, Campbell (2006) opens his AFA presidential address with, “The
study of household finance is challenging because household behavior is difficult to measure,
and households face constraints not captured by textbook models.” Over the past decade,
widespread adoptions of financial technology (FinTech) are breaking down many of the tradi-
tional barriers faced by households and reshaping the practice of household finance. Increas-
ingly, activities central to household finance such as consumption, investments, and payments
are taking place on FinTech platforms, where traditionally time-consuming financial-service
needs can be fulfilled with the ease and convenience of a few mobile apps.! The advent
of FinTech is also revolutionizing the study of household finance, as big data from FinTech
platforms are made available to researchers, significantly reducing the measurement difficulty
elaborated by Campbell (2006).

This paper is a study of household finance in the age of FinTech. Our hypothesis is
that FinTech fosters financial inclusion by providing financial services to individuals who are
otherwise unable or unwilling to invest in capital markets. In explaining why many house-
holds do not invest in risky assets against the obvious welfare gains, the household finance
literature has shown that fixed physical costs (money, time, and effort) and psychological
costs (familiarity and trust) are important factors hindering individuals from optimal risk-
taking.? Indeed, this is where FinTech can help. Compared with the traditional venues,
the technological efficiency of FinTech platforms can significantly reduce the physical costs
associated with investing. Their brand recognition and the repeated usage of FinTech apps
by individuals (e.g., via digital payments) can also help build familiarity and trust, lowering
the psychological barriers associated with investing in risky financial assets.?

We study how FinTech advancement can help households lower investment barriers and
improve risk-taking, using an account-level data from Ant Group, which allows us to track
individuals’ online consumption via Taobao, online investment in mutual funds via Ant

Group’s FinTech platform, third-party digital payments, both online and offline, via Ali-

'In China, online consumption took off around 2003 and has since increased to account for about 25% of
the total consumption in 2020; Mutual-fund distributions via FinTech platforms grew from non-existence in
2012 to capture an estimated 30% of the total market share; Digital payments began in 2004, and are now
accounting for over 80% of the total offline payment.

2 According to financial theory, all households, regardless of their risk aversion, should invest a fraction
of their wealth in the risky asset as long as the risk premium is positive. And yet, a substantial fraction of
households do not invest in risky assets (e.g., Haliassos and Bertaut (1995), Campbell (2006), and Vissing-
Jorgensen and Attanasio (2003)). Among others, Hong, Kubik, and Stein (2004) and Guiso, Sapienza, and
Zingales (2008) document that familiarity and trust are important drivers for the low-participation puzzle.

3As the consumer-tech oriented FinTech platforms use “super apps” to deliver both financial and non-
financial services to their consumers, such an integrated model of “one-stop shop for living” can further
facilitate financial inclusion, especially for those under-served by the existing financial infrastructures.



pay, and other individual characteristics including age, gender, and location. The data is
of monthly frequency from January 2017 to March 2019, when China experiences the most
dramatic expansion in offline digital payments. Taking advantage of this rapid technological
development, we construct a unique measure of FinTech adoption that differentiates individ-
uals by their tech-savviness. Those with low FinTech adoption are at an early stage, while
those with high FinTech adoption in our sample are taking full advantage of what FinTech
has to offer. It is through exploring the difference in risk-taking across this dimension of
FinTech adoption, both at the individual level and across geographical locations in China,
that we offer evidence that FinTech improves household risk-taking and financial inclusion

via FinTech can be welfare improving.

Measuring FinTech Adoption: Central to our study is the measurement of the pen-
etration as well as the adoption of the new technology. Over our sample period, China
experiences a rapid increase in offline digital payments via QR-code scanning, of which Ali-
pay is the pioneer adopter. From 2017 to 2018, over the span of just two years, quarterly
amounts of offline digital payments explode by over ten-fold to a total of 7.2 trillion yuan by
2018Q4. The Alipay component of our data captures this explosion not only in aggregate, but
also across individuals. Seizing on this rapid technological development, we measure FinTech
adoption by how much and how fast an individual adopts to the new technology. Specifically,
for each individual and for each month, AliFrac=Alipay/(Alipay+Taobao), where Alipay is
the third-party consumption paid through Alipay, including the offline consumption, and
Taobao is the online consumption via Taobao.*

Over the long run, as digital payments become the dominant payment method, AliFrac
would reflect the individual’s preference for offline versus online shopping. Within our sample
period, however, as digital payment is being adopted with varying speed and intensity by
individuals, the level of AliFrac and the change in AliFrac contain valuable information of
an individual’s FinTech adoption. FEither by their personal inclinations or the familiarity
and trust built from repeated usages of the Alipay app, individuals of high AliFrac or large
increase in AliFrac are more likely to use the existing FinTech platforms (e.g., Ant Group’s
mutual-fund platform) to fulfill their investment needs, while low AliFrac indicates that the
individual has not yet bought into the FinTech revolution. It is through exploring the cross-

individual difference in risk-taking along such dimensions of FinTech adoption that we offer

4While online Taobao consumption also increases from 2017 to 2018, it has become “yesterday’s tech-
nology” in the sense that most individuals in China have already adopted this technology. During our time
period, the FinTech savviness of an individual is captured not by his online consumption, but by the FinTech
penetration of his offline consumption. As such, AliFrac measures an individual’s usage of the new tech-
nology (Alipay) relative to the old technology (Taobao). It should also be emphasized that the third-party
nature of the Alipay consumption means that consumption on Taobao and investments on Ant’s FinTech
platform do not count toward Alipay consumption.



evidence on how FinTech can improve household risk-taking.

In addition to cross-individual variation, another important and more exogenous variation
in FinTech adoption emerges as we use individual-level location information and aggregate
the FinTech adoption measures to the city-level. Our FinTech adoption maps of China,
plotted over different points in time, capture the gradual spread of the new technology from
Hangzhou, the headquarter of Alibaba and Ant Group, to the rest of China. Indeed, back in
2016, street vendors accepting QR-code scanning payments are a novelty sight spotted mostly
near Hangzhou. By 2020, it has become part of the everyday life for most people living in
China. While the individual-level variation might be driven by personal characteristics and
experiences, this city-level variation is exogenous, owing to the gradual spread of the new
technology across China. If FinTech can indeed lower investment barriers for households,
we would expect to see FinTech penetration to lead the way of improved risk-taking across
cities in China. More importantly, the more constrained cities with lower financial-service

coverage should benefit more from FinTech penetration.

FinTech Improves Risk-Taking: We measure risk-taking using our data from Ant Group,
which tracks the monthly mutual-fund investments made by individuals in our sample via Ant
Group’s FinTech platform.5 In China, FinTech platforms are given permission to distribute
mutual fund since 2012 and have grown substantially in market share.® Ant Group, a top
player in this space, begins to distribute mutual funds via the one-stop Alipay app since 2014,
offering a near complete coverage of mutual funds in China. Individuals in our sample have
access to six types of risky mutual funds (bond, mixed, equity, index, QDII, and gold) and
risk-free money market funds. Their portfolio choices are measured along three dimensions.
As a zero-one variable, “risky participation” measures the individual’s participation in the
risky funds. Conditioning on participation, “risky share” measures the portfolio weight
on the risky funds, and “portfolio volatility” is estimated using the individual’s monthly
holding-period returns.

To show that FinTech improves risk-taking, we provide empirical evidences from the
following three perspectives. First, focusing on the cross-individual variation in the level of
AliFrac, we find that all three risk-taking measures are positively and significantly related
to AliFrac, consistent with the hypothesis that FinTech increases risk-taking. A unit change
of AliFrac from 0 to 1 corresponds to an increase of 13.6% in risky participation, 14% in

risky share and 0.52% in portfolio volatility. Compared with their respective sample averages,

50ur data contains the purchase and redemption of each fund made by each investor in each month.
For a sub-sample period from August 2017 to December 2018, we also have detailed information on fund
holdings and monthly returns for each investor.

6See Hong, Lu, and Pan (2019) for details on the development of FinTech platforms and their market-wide
impact on the Chinese mutual fund industry.



37.5% for risky participation, 45% for risky share, 1.77% for portfolio volatility, the economic
significance of the FinTech impact is rather large. Controlling for individual characteristics
such as age, gender, location, consumption level and volatility, the results remain strong and
significant, both economically and statistically.

Using panel regressions with high dimensional fixed effects, we further decompose the eco-
nomic magnitude into individual and environmental factors. We find that while individuals
allow the outside environment to influence their decision on whether to participate in risky
assets, the decision on the intensity of risk-taking is largely kept under their own control.
Specifically, including city-times-month fixed effects cuts the original economic significance
of AliFrac in explaining risky participation by 45%, compared with 17.5% for risky share,
indicating that outside environmental factors such as time and place play an important role
in explaining risky participation. By contrast, including individual fixed effects cuts the
economic significance of AliFrac in explaining risky share by 65%, compared with 24% for
risky participation, reflecting the importance of individual factors in explaining risky share.
The impact of AliFrac on risk-taking remains statistically significant, though with smaller
economic magnitudes, if we include both the individual and city-times-month fixed effects.
In other words, relying exclusively on the individual-specific time-series variation, AliFrac
can still impact risk-taking in a meaningful way.

Second, we explore the cross-individual variation in AAliFrac, which measures each indi-
vidual’s change in AliFrac from 2017 to 2018. Although individual characteristics are used
as controls in establishing the positive relation between risk-taking and AliFrac, both vari-
ables can still be influenced by some unobserved, hence uncontrolled, factors, giving rise to
the positive relation. This is where the information contained in AAliFrac can be helpful.
Unlike other individual characteristics, which remain stable or unchanged from 2017 to 2018,
AAliFrac is unique and highly informative as it is measured during the most dramatic ex-
pansion in the new technology. The aforementioned unobserved factors might drive both the
level of AliFrac and risk-taking (e.g., openness to new experiences), but it is highly unlikely
that such factors will drive both AAliFrac and changes in risk-taking at the same time. This
is especially true given that Ant’s mutual-fund platform has already been well established
prior to 2017. And yet, regressing changes in risk-taking on AAliFrac, we find a significant
relation between the two, affirming that the increase in risk-taking is indeed the result of the
increase in AliFrac, not some unobserved common factors.

Third, to further establish the causal impact of FinTech on risk-taking, we use the dis-
tance to Hangzhou as an instrument variable to capture the exogenous variation in FinTech
adoption. As discussed early, Hangzhou is at the epicenter of the map of FinTech penetration
— cities closer to Hangzhou have higher levels of FinTech penetration. This is in fact a result

of how Ant Group initially implements the QR code-based digital payments. They first
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cooperate with local governments and local vendors in Hangzhou and then expand to other
cities in Zhejiang province, the nearby cities, and distant cities. This pattern of expansion
is necessary for Ant Group because their marketing teams have to communicate with local
merchants in person to convince them to accept the new technology. By contrast, promoting
mutual funds on Ant’s FinTech platform is mostly an online effort without an epicenter, and,
more importantly, Ant Group has already established itself as a top player in mutual-fund
distribution prior to 2017.

Given the closeness of Hangzhou to Shanghai (SH), distance-to-HZ can be highly corre-
lated with distance-to-SH, which, given Shanghai’s economic importance in China, reflects
the proximity to affluence, a variable that can be easily linked to investment behavior.
To disengage these two measures, we take advantage of the fact that the difference between
Hangzhou and Shanghai (160 kilometers apart) is meaningful for cities within a small enough
radius around Hangzhou and Shanghai. Indeed, using a radius of 500 kilometers around
Hangzhou, we find that only distance-to-HZ can strongly predict FinTech penetration in the
first stage regression. Using this instrument in the second stage estimation, we find that
a one standard deviation increase in instrumented city-level AliFrac predicts a 2.55% (t-
stat=3.13) increase in risky participation and a 4.10% (t-stat=5.26) increase in risky share.
Expanding to all cities in China, the instrumental variable approach using distance-to-HZ
still works but with smaller economic significance. Using distance to the other tier-one cities

as placebo tests, however, we find no results.

Welfare Implications: Our empirical results have so far shown that FinTech fosters finan-
cial inclusion — higher FinTech adoption results in higher participation and risk-taking. This
finding is itself welfare improving as the literature has in general documented the welfare
losses due to the non-participation and under risk-taking by households. We can provide
further evidences of welfare improvement by focusing on investors who are otherwise more
constrained prior to the advent of FinTech. This includes investors who are more risk toler-
ant and live in cities under-served by the traditional financial infrastructure. These findings
can also speak to the nature of FinTech inclusion in that it is not simply a zero-sum game
with FinTech platforms competing for customers against the traditional channels. Instead,
FinTech inclusion is welfare improving by providing financial services to individuals who are
otherwise unable, both physically and psychologically, to invest in financial markets.

First, we document the benefits of FinTech inclusion for investors with high risk tolerance.
To identify the high risk-tolerant individuals in our sample, we use the consumption side of
the data and proxy for risk tolerance by consumption volatility o¢ — individuals with higher

oc are more risk tolerant. Our immediate theoretical foundation is from the Merton model,



where, under complete markets, o¢ as a function of risk aversion is exactly specified.” In
the more general setting, as long as the state dependence of consumption is a result of the
individual’s consumption choice using available albeit incomplete financial instruments, then,
even when markets are incomplete, more volatile consumption should correspond to less risk
aversion. Empirically, we validate the effectiveness of o¢ as a proxy for risk tolerance in two
dimensions. First, examining the cross-sectional determinants of o¢, we find that male and
young investors on average have higher o, consistent with the perception that such investors
are relatively more risk tolerant. Second, we find that although consumption and risk-taking
occur on two different FinTech platforms, there is a significant connection between the two.
Consistent with our hypothesis that o¢ is a good proxy for risk tolerance, individuals with
higher o¢ exhibit higher levels of financial risk-taking.

According to financial theory, the optimal risk-taking is higher for less risk averse in-
vestors. If the advent of FinTech can indeed break down the barriers and unshackle the
constraints, both physically and psychologically, then it is the more risk-tolerant investors
who stand to benefit the most, as they are otherwise more constrained in the absence of
FinTech. We find that this is indeed the case. Armed with our proxy for risk tolerance, we
sort individuals in our sample by o¢ into high and low risk tolerance, and compare their
risk-taking behaviors as a function of their FinTech adoption. When the FinTech adoption
level is low, the high risk-tolerant investors behave not that differently from their low risk-
tolerant counterparts. This, of course, is counter to financial theory and speaks to the fact
that such high risk-tolerant investors are constrained and their utility not optimized. With
the increase in FinTech adoption, however, this gap in risk-taking widens, indicating that,
with the increase in FinTech adoption, such high risk-tolerant investors are less constrained
and are taking more risk. Utilizing regression based analysis by adding o¢ as an conditioning
variable in the previous regression specification, we find similar results.

Second, we document the benefits of FinTech inclusion for individuals living in cities
with low bank coverage, using the number of local bank branches as a proxy for bank
coverage. With respect to how FinTech can be welfare improving, this line of analysis is of
the first order importance as the future for FinTech inclusion is without any doubt brighter
for individuals under-served by the existing financial infrastructure. Before the development
of FinTech platforms, banks are the predominant distribution channel of mutual funds. As
a result, investors living in areas with fewer bank branches have limited access as well as

limited exposures to mutual fund investments. With FinTech advancement, such under-

"According to Merton (1971), the optimal portfolio weight is w* = £ where 7 is the risk aversion

coefficient, and p — r and og are the risk premium and volatility of the risky asset, respectively. Moreover,
with optimal consumption-to-wealth ratio being constant, we have consumption volatility o, equaling to
portfolio volatility o,,, and both are inversely proportional to risk aversion coefficient ~.



banked individuals can pursue what they want. Performing our analysis at the city level,
we find that the benefit of FinTech inclusion in fact comes mostly from cities less served
by banks, suggesting that, in the provision of financial services, FinTech could add to the
vacuum left behind by the traditional financial institutions.

FinTech inclusion can take place through two channels. One is at the expense of the
existing financial infrastructure, while the other takes place when FinTech opens the door
for individuals who are unaware of financial investment opportunities and would otherwise
remain unbanked. This is financial inclusion in the real sense of the word. For FinTech
platforms to have a bright future in our society, the welfare improving aspect of their service
is essential. The fact that the benefits of FinTech inclusion are stronger for individuals who
are otherwise more constrained — individuals with more risk-taking capacity and individuals
under-served by banks, provides a compelling evidence for the welfare-improving channel.

To further illustrate the welfare improving aspect of FinTech inclusion, we focus on the
under-banked individuals and compare and contrast their risk-taking sensitivity to FinTech
adoption against a matching sample of individuals with above-median bank coverage. We
find that, within the under-banked sample, individuals who are more mature (above 30 in
age), hence with higher investment capacities and needs, increase their risk-taking much
more readily with FinTech adoption. By contrast, the matching sample of high-banked
individuals do not exhibit this pattern. Living in cities with high-bank coverage, such mature
investors can invest in mutual funds via the traditional channels such as banks, but their
counterparts living in cities with low-bank coverage do not have that privilege. With FinTech
advancement, such under-banked individuals are given an alternative channel to fulfill their
investment needs. Using o¢ as a proxy for risk tolerance, we find the same pattern. High
risk tolerant individuals increase their risk-taking more readily with FinTech adoption in the
under-banked sample, but not in the matching sample of above-median bank coverage.

Finally, in addition to non-participation, welfare costs could also incur due to the invest-
ment mistakes made by households. Investigating the investment efficiency of Swedish house-
holds, Calvet, Campbell, and Sodini (2007) show that the return cost of non-participation
is smaller by almost one-half when taking account of the fact that non-participants would
likely be inefficient investors. Motivated by this observation, we further study how FinTech
adoption can affect the investment efficiency. We find that individuals with higher FinTech
adoption tend to have more diversified portfolio, larger reduction in portfolio variance, and
higher Sharpe ratio. The effect of AliFrac on diversification benefit is universal across all
investors, whereas the effect on Sharpe ratio is particularly concentrated on the subsample
of investors with low risky share, consistent with the benefit of risky participation. For the
sample of investors with high risky share, we find evidence of mean-variance inefficiency

among investors with high FinTech adoption.



Related literature: Our paper contributes to the literature on household finance (Campbell
(2006), Guiso and Sodini (2013) and Beshears et al. (2018)) by helping shed light on the
long standing puzzle of low-participation and under risk-taking. Our results show that
FinTech adoption can increase not only risky participation, but also the level of risk-taking
(i.e., higher risky share and portfolio volatility). Better access via FinTech can explain the
increase in participation, but not the increase in the level of risk-taking, indicating that there
are other channels through which FinTech improves risk-taking. Indeed, using our FinTech
adoption measure, which captures individuals’ FinTech usage, we show that repeated usages
of FinTech apps (e.g., Alipay) can build familiarity and trust and reduce the psychological
barriers against investing in risky financial assets. Our findings are therefore consistent with
Hong, Kubik, and Stein (2004) and Guiso, Sapienza, and Zingales (2008), who document
that familiarity and trust are important drivers for the low-participation puzzle.®

Our paper also contributes to the growing literature on the impact of technology on
household finance. This includes Barber and Odean (2002), Choi, Laibson, and Metrick
(2002), and Bogan (2008), who examine how Internet improves stock participation in the
early 2000s. Throughout history, the financial industry has always been on the forefront of
adopting new technologies, but the current wave of FinTech is unique in that the large Fin-
Tech platforms are run by technology firms. Bypassing the traditional financial institutions,
FinTech platforms are delivering financial products and services directly to households via
mobile apps.” As reviewed by Suri (2017), mobile money in developing economies has al-
lowed individuals without bank accounts to digitally transact money. Households in Kenya,
with the help of digital loans, are able to enhance their financial resiliency to shocks (Suri,
Bharadwaj, and Jack (2021)).!° Our finding on how FinTech can benefit individuals less
served by traditional banks has profound implications for the future of FinTech. Indeed,
for emerging-market countries with less developed financial infrastructures (e.g., Badarinza,
Balasubramaniam, and Ramadorai (2019)), the future of FinTech is the brightest.

Finally, our paper is related to the literature of household portfolio choice that stud-

8 Among others, Christiansen, Joensen, and Rangvid (2008), Calvet, Campbell, and Sodini (2009), Gen-
naioli, Shleifer, and Vishny (2015), Calvet and Sodini (2014), and Calvet et al. (2020) find education, financial
sophistication, financial advisory, human capital, wealth, and security design are factors encouraging financial
risk-taking.

9 Among others, Goldstein, Jiang, and Karolyi (2019), Philippon (2018) and Frost et al. (2019) discuss
the FinTech opportunities and how their entrance might affect the household and financial institutions,
Carlin, Olafsson, and Pagel (2017) show how FinTech adoption affect the use of consumer credit, and Reher
and Sokolinski (2020) examines how reduction in minimum account size increases participation using data
from a robo-advisor firm.

0There is an emerging literature on this topic. For example, Higgins (2019) finds that small retailers and
customers can both benefit from FinTech adoption due to its network externalities. Chen et al. (2021) find
that small entrepreneurs in China, with the availability of FinTech credit, are able to obtain more stable
sales.



ies the individual-level preferences. One standard approach of eliciting risk aversion is
through lottery-type questions. Conversely, the literature has approached the task by infer-
ring individual-level risk aversion through their risk-taking behavior. For example, Calvet
et al. (2021) estimate the cross-sectional distribution of preference parameters, including the
relative risk-aversion coefficient, using a large administrative panel of Swedish households.
Our paper adds to this literature by using consumption volatility to proxy for risk tolerance.
By further establishing the positive link between consumption volatility (i.e., risk tolerance)
and risk-taking, our paper also adds to the literature by providing empirical evidence on the
connection between consumption and investment. As exemplified by the classic household-
finance problem of Merton (1971), optimal decisions on risk-taking and consumption are
central to the study of household finance, and, yet, it has not been fully studied empirically
owing to the limitation of the data. One notable exception is Mankiw and Zeldes (1991), who
use aggregate series of food consumption data to show that the consumption of stockholders
is more volatile than that of non-stockholders.!!

The paper proceeds as follows. Section 2 describes our data and the institutional back-
ground. Section 3 provides a comprehensive exposition of our FinTech adoption measure.
Section 4 documents the impact of FinTech adoption on individual risk-taking. Section 5

focuses on welfare implications of FinTech inclusion. Section 6 concludes.

2 Data and Institutional Background

In China, activities central to household finance — consumption, investment, and payment
— are all taking place on FinTech platforms. We provide detailed description of our Ant

data and the development of FinTech platforms in this section.

2.1 Overview of the Ant Data

Our data is provided by Ant Group and it captures individuals’ activities on its two mobile
apps: Taobao for online consumption and Alipay for investments and digital payments.
It allows us to track the monthly investment, payment, and consumption behavior for a
sample of randomly selected 50,000 investors from January 2017 to March 2019. The sample
is randomly selected from the entire population of the Ant platform, among investors who

ever have at least one purchase or redemption of money market fund, or mutual fund, or

1By focusing on the link between consumption and investments, our paper is also related to recent studies
on the impact of financial markets on individual consumption by Agarwal and Qian (2014), Di Maggio,
Kermani, and Majlesi (2020), Agarwal, Charoenwong, and Ghosh (2020), and Loos, Meyer, and Pagel
(2020).



short-term wealth management product on Ant platform.

In our data, individual’s Taobao consumption is the total consumption on the Taobao
(including Tmall) e-commerce platform. Taobao, the Amazon of China, is the online shop-
ping platform operated by Alibaba. Individual’s Alipay consumption refers to all the other
consumption paid through the Alipay digital payment function, both online and offline, to
third-party merchants (excluding the consumption on Taobao/Tmall).1?

In 2014, Ant started to offer mutual fund distribution service, enabling investors to
access and invest in almost the entire universe of mutual funds in China. For mutual fund
investment data, we obtain the monthly purchase and redemption of each fund made by each
investor. For a sub-sample period from August 2017 to December 2018, we also obtain the
detailed fund holdings and portfolio monthly return information. Some users have very small
amount of investment. Including them may add noise to measures of individual portfolio
risk-taking. We thus further require a user to have at least 100 RMB total purchase amounts,
and obtain 28,393 users for our “active user” sample.!3

Panel A and B of Table 1 report the summary statistics for all the 50,000 users and the
28,393 active users, respectively. The distribution of Ant investors tilts toward female and
young population: 61% of investors on the Ant platform are female and the average age is
30.4 years old. For reference, based on survey conducted by Asset Management Association
of China in 2018, 47% of all mutual fund investors in the market are female and 36.5% of
the investors are below 30 years old. An average investor on platform has a monthly Taobao
consumption of 2,155 RMB and a monthly consumption growth volatility of 1.21 (or 121%).
Our FinTech adoption measure, AliFrac, is calculated as the fraction of Alipay consumption
out of total Alipay and Taobao consumption for each user. The average AliFrac is 0.54 in
our sample, and investors on average make 20.3 times consumption payments using Alipay
each month (Log(AliCnt), the logarithm of the monthly Alipay frequency, has a mean of
3.01). We also include change in AliFrac and change in Log(AliCnt) from year 2017 to
2018. Both variables suggest an increase in Alipay penetration during our sample period.
Restricting the sample to the active users, we find a similar distribution in terms of personal
characteristics. An average active user has an age of 31.1 years old, female probability of
61%, monthly Taobao consumption of 2,292 RMB, monthly consumption volatility of 1.21,
and monthly Alipay payments of 21 times. We describe and examine these measures in detail

in the following sub-sections.

12Payments that are not consumption items (for example, money transfer) are also excluded.

I3Platform may offer free fund shares to some investors, or provide discount on first purchase under
certain circumstances. Purchase of very small amount is most likely due to these promotion policies.
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2.2  Mutual-Fund Investments and Risk-Taking Measures

The China Securities Regulatory Commission (CSRC) started allowing FinTech platforms to
distribute mutual funds in 2012. By 2018, mutual fund distributions via FinTech platforms
capture around 30% of the indirect fund sales. As a dominant player in this market, in 2017,
Ant’s sales and net income from mutual fund distribution are RMB 2.23 trillion and RMB
10.5 billion respectively.!® Besides risk-free money market funds (MMF), there are six types
of risky funds available on the Ant platform: bond, mixed, equity, index, QDII, and gold
funds. Table 2 reports investors’ detailed investment behaviors. Among the 28,393 active
users with non-trivial total investment, the average total mutual fund purchase amount is
41,079 RMB, which is equivalent to about 18 months of their average Taobao consumption.
On average, they have 8.9 transactions made in 3.1 months out of the 27 months in our
sample period. Individuals on average invest in 3.7 different funds across 1.9 different asset
classes, and the average trade size is 4,557 RMB per trade.

For each individual, we construct three measures to capture their risk taking via mutual
fund investments: (a) Participation, a dummy variable that equals one for individuals who
purchased at least 100 RMB in non-MMF mutual funds; (b) Risky Share, the fraction of
holdings invested in risky mutual funds (= 1-MMF /Total); and (c) Portfolio Volatility
(ow), the standard deviation of individual’s portfolio monthly returns.

Table 1 provides the summary statistics for our three risk-taking measures. As shown in
Panel A, around 37.5% of investors participate in non-MMF investments out of the 50,000
users. For the “active users” sample in Panel B, participation rate in risky mutual funds
is much higher at 66%, as we already exclude the inactive users. Based on the holdings
data from August 2017 to December 2018, active users on average put 45% of their portfolio
holdings in risky mutual funds and their portfolio monthly return has a volatility of 1.77%.

Panel B of Table 2 further reports the correlation between the risk-taking measures and
other investment variables. Consistent with our intuition, the three risk-taking measures are
positively correlated with each other, with a pair-wise correlation varying from 0.39 to 0.62.
Besides, the correlation analysis suggests that individuals with higher risk-taking trade more
frequently but with smaller transaction size per trade. Meanwhile, their portfolio exhibits
stronger diversification, in terms of both the number of funds and number of asset classes.
Turning to the correlation between risk-taking and individual personal characteristics as
shown in Panel C of Table 1, again we find the relationship is consistent with the prior
literature (e.g., Sunden and Surette (1998), Jianakoplos and Bernasek (1998), Barber and

14The numbers come from Ant Group IPO prospectus. For a top bank like China Merchants Bank, the
fund distribution sales and net income are only RMB 705.5 and 5.0 billion in 2017. More details can be found
in Hong, Lu, and Pan (2019), which documents the economic impact of FinTech platforms on mutual-fund
investors, fund managers and fund families in China.
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Odean (2002), etc.) that male and younger users exhibit higher risk-taking. Consistent
with the theoretical prediction that consumption growth volatility captures individual risk
tolerance (Merton (1971)), we find that consumption growth volatility (o¢) is positively
correlated with our three risk-taking measures. Overall, these evidence gives us confidence

that the three measures indeed capture individuals’ risk-taking in mutual fund investment.

2.3 Consumption via Taobao E-Commerce Platform

Online consumption took off in China around 2003 and has since increased to account for
about 25% of the economy-wide total consumption in 2020, as shown in the upper panel of
Figure Al. In 2019, Taobao accounts for over 50% of the e-commerce sales in China.l®> As
such, our Taobao consumption data comes from an online platform that is representative of
online consumption in China. We also obtain information on detailed components of Taobao
consumption. Out of the total Taobao consumption, basic goods consumption accounts for
about 35%, followed by 20% on entertainment consumption (enjoy) and 10% on personal
development (lower panel of Figure A1). There exists seasonality in the online consumption
data, owing to the November 11 Online Shopping festival and the Chinese New Year holidays.
In subsequent analyses, following the standard method, we combine consumption in January
and February as one month in the calculation of consumption growth. We also conduct
robustness tests to adjust the seasonality and durability of online purchases. For example,
we exclude November purchases, calculate consumption growth by comparing same calendar
month on a year-on-year basis, and our results remain robust.

Following the theoretical framework in Merton (1971), we infer individuals’ risk tolerance
from their consumption growth volatility. We compute each investor’s consumption growth
volatility (o¢) using the monthly differences in log Taobao consumption.' As shown in
Table 1, the average of o¢ is 1.21 per month, which is quite high. However, in our analyses,
oc is used as a cross-individual characteristics, and our focus is mainly on the the cross-
individual variation in og. As such, the absolute level of o¢ is not as important for our
purpose. For the cross-individual variation in o, Panel B of Table A1 reports the summary
statistics on o¢ by individual characteristics. Consistent with our intuition, male and young
investors on average have higher oc. Also interesting is the fact that investors with higher
FinTech adoption on average have more volatile consumption. Moreover, the high level of

volatility is a general phenomenon of online consumption, not a unique feature of our data. As

15Gee, for example, https://www.emarketer.com/content/retail-and-ecommerce-sales-in-china-2018 for
details of China e-commerce market.

16GQection 5.1 provides detailed discussion on the theoretical motivation and validity of oc as a risk
tolerance measure.
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shown in Panel A of Table A1, the economy-wide online consumption exhibits a much higher
level of volatility than that of total consumption and offline consumption. In particular, the
monthly consumption growth volatility is 19.2% for economy-wide online, 21.1% for Taobao,

6.9% for economy-wide offline, and 5.3% for economy-wide total consumption.

2.4 Consumption via Alipay Digital Payment

Digital payments in China started in 2004, and it fosters China into a cashless society with
over 852 million users using mobile digital payments for daily activities. Under the category
of digital payment, the prevalence of QR-Scan payment is a recent phenomenon. It permeates
the entire country with each street vendor at every corner in China eager to accept QR-Scan
payment offered by Alipay or WeChat.!”

We find a rapid increase in the penetration of QR-Scan payment during our sample
period, based on both the statistics from the economy-wide data and our Ant sample. In
just two years of time, QR-Scan payment exploded from 0.6 trillion yuan in Q1 of 2017
to 7.2 trillion yuan in Q4 of 2018.'® As shown in Graph A of Figure 1, the economy-wide
offline QR~Scan pay to total offline consumption ratio (red line) increases from around 43%
in Q1 of 2017 to 80% in Q4 of 2018. The same trend is captured in our data via the rapid
increase in Alipay payment fraction: The fraction of consumption paid via Alipay out of total
consumption (blue line) increased from 50% in January 2017 to 70% in March 2019. The
alignment of the two lines suggests that Alipay consumption well captures the penetration
of QR~Scan digital payment during our sample period.

Since the focus of the paper is on the relationship between FinTech adoption and individ-
ual risk-taking, one may wonder whether the development of Ant mutual fund investment
platform coincides with the trend in the development of digital payment. This is not the
case. During our sample period, the Alipay mutual-fund investment function has already
been well developed. Moreover, Panel B of Figure 1 plots the total purchase of money
market funds and risky mutual funds for the 50,000 individuals in our sample against their
consumption via Taobao and Alipay. Over the same time span, online Taobao consumption
was itself increasing, but it was “yesterday’s technology”, as reflected in the flattened slope
of the purple line. Given this rapid penetration of Alipay digital payment during our sample
period, we later use AliFrac as a measure of individual FinTech adoption, which we explain

in more detail in Section 3.

"Though Wechat accounts for 38% of the market share in digital payment in 2017, its mutual fund
distribution service is not well developed. It was not until July 2018 that Wechat officially got the license
to distribute risky mutual funds.

18See http://www.iresearchchina.com/content /details7_54532.html.
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3 Measuring FinTech Adoption

An ideal test of FinTech’s impact on risk-taking would involve tracking each individual’s
migration onto the FinTech platforms with records of his/her risk-taking behavior both on
and off platforms. Absent of such an ideal data, we construct a FinTech adoption measure
to mimic that migration. As explained in Section 2.4, China experiences a rapid increase
in FinTech penetration in the form of QR-code scanning payment during our sample pe-
riod. While online Taobao consumption also increases from 2017 to 2018, it has become
“yesterday’s technology” in the sense that most individuals in China have already adopted
this technology. Amidst this fast-developing trend of QR-Scan payment in our sample, we
capture each individual’s FinTech adoption by their Alipay usage, AliFrac, calculated as the
fraction of Alipay consumption amount out of the total consumption paid via Alipay and
Taobao. As such, AliFrac measures an individual’s usage of the new technology (Alipay)
relative to the old technology (Taobao). Including Taobao consumption in the denominator
also has the benefit that it helps control for individual wealth effect.!®

Over the long run, as digital payments become the dominant payment method, AliFrac
may reflect the individual’s preference for offline versus online shopping. However, during
our sample which covers the period of dramatic expansion in offline digital payment, the
level of AliFrac and the change in AliFrac contain valuable information of the speed and
intensity with which individuals adopt the new technology. According to Panel A of Table
1, both the level and the change of FinTech adoption vary substantially across individuals.
An average user in our sample has an AliFrac of 54% with a standard deviation of 22%. The
average level of AliFrac increases by 8% from year 2017 to year 2018 (AAliFrac), again with
a large cross-sectional standard deviation of 22%. The large variation in FinTech adoption
across different individuals could be driven by both nature and nurture. Some individuals
are born to be tech-savvy, and are more willing to accept this new technology. In addition to
natural inclination, environmental factors, such as how local governments and local vendors
promote QR-Scan pay, could also affect individuals’ FinTech adoption.

To understand the geographical distribution of FinTech adoption, we compute city-level
AliFrac, calculated as the average AliFrac of all individuals in a city. Figure 2 shows that
AliFrac varies substantially across geographical areas and over time from 2017 Q2 to 2018
Q4. Back in early 2017, Hangzhou, the headquarter of Ant Group, is the epicenter, leading
the way in FinTech adoption. Among all cities, Hangzhou has the highest AliFrac of 0.58
(Graph A), suggesting that individuals in Hangzhou already have 58% of their consumption

9Individual’s Taobao consumption may add noise to the FinTech adoption measure, diluting the effect
of Alipay usage. Therefore, we also construct an alternative FinTech adoption measure, Log(AliCnt), using
individuals’ Alipay payments frequency.

14



paid through Alipay out of their total consumption. Other cities at that time only have an
average AliFrac of 33.6%. With the passage of time, we observe a gradual penetration of
FinTech from Hangzhou to cities in the inner region of China. Hangzhou still leads other
cities in FinTech adoption with an AliFrac of 66.2% in 2018 Q4. In comparison, AliFrac for
Shanghai, Beijing, Guangzhou, and Shenzhen, the tier-one cities, are 64%, 58.4%, 52.9%,
and 54.6% respectively by the end of 2018.

The gradual penetration of Alipay during our sample period suggests that both the level
and the change in AliFrac contain valuable information about FinTech penetration dynamics.
Comparing Figure 2 with the upper graph in Figure A2, it is obvious that the distribution
of city-level AAliFrac exhibits a rather different pattern from the level of AliFrac. Cities
close to Hangzhou, equipped with high AliFrac level in early 2017, enjoyed less increase in
FinTech penetration during 2018; while cities in the inner land of China witnessed a much
larger increase in FinTech penetration during the same period.

Apart from environmental factors, the cross-sectional variation in AliFrac could also be
explained by individuals’ own willingness to adopt QR-Scan payment. Table 3 reports the
determinants of AliFrac and AAliFrac on individual personal characteristics and city-level
characteristics. We find that individual AliFrac is positively related with their consumption
growth volatility, and negatively related with the female dummy, which suggests that male
and those with higher risk tolerance are more open to the new technology of QR-Scan
payment. When we include city-level economic variables, we find that cities with higher
GDP and higher personal income have higher FinTech penetration. The coefficient on the
tier-one city dummy is negative, due to the inclusion of Log(GDP) in the regression.?

Turning to change in AliFrac, we find that the increase in AliFrac from 2017 to 2018
is captured by a different group of individuals. In particular, the change in AliFrac is
negatively related to consumption volatility, female dummy, and positively related to age.
Back in 2017, younger individuals, and individuals with relatively high risk tolerance are the
pioneers in adopting this new payment method. However, as the digital payment function
became more widespread from 2017 to 2018, older individuals, and individuals with relatively
low risk tolerance also started to use it. Moreover, the change measure is negatively related
to Log(GDP) and Log(Income), which confirms our previous observation in Figure 2: From
2017 to 2018, the digital payment function of Alipay has penetrated into cities with relatively

low level of economic development in the inner parts of China.

20The GDP levels are much higher for tier-one cities than those for other cities, whereas AliFrac measures
for tier-one cities are only slightly higher than those for other cities.
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4 FinTech Adoption and Individual Risk-Taking

4.1 FinTech Adoption and Level of Risk-Taking

Our hypothesis is that individuals of high AliFrac, either by their personal inclinations or
the familiarity and trust built from repeated usages of the Alipay app, are more likely to
use the existing FinTech platforms (e.g., Ant Group’s mutual-fund platform) to fulfill their
investment needs; while individuals of low AliFrac have not yet bought into the FinTech
revolution. To explore the cross-individual difference in risk-taking along such dimensions
of FinTech adoption, we first examine the cross-sectional relationship between our three
risk-taking measures and the level of AliFrac.

As shown in Panel A of Table 4, all three risk-taking measures are positively and signifi-
cantly related to AliFrac, consistent with the hypothesis that FinTech increases risk-taking.
In particular, one unit increase in the level of AliFrac corresponds to an increase of 13.6%
in risky participation. The economic significance of FinTech on risky participation is rather
large, given that the average risky participation rate is 37.5% across the 50,000 individuals
in our sample.?!

Beyond the general decision to participate, we are also interested in whether with the
repeated usages of the Alipay app, investors would increase their intensity of risk-taking on
Ant Group’s FinTech platform. Investors can put differential portfolio weights across a wide
spectrum of funds with varying riskiness on the Ant platform, ranging from low risk bond
funds to high risk equity and index funds. Therefore, risky share and portfolio volatility
serve as better risk-taking measures capturing individuals’ risk-taking intensity. Columns
(4) to (9) in Panel A report the corresponding results for risky share and portfolio volatility.
To focus on the investors with meaningful investment activity and alleviate the impact of
noise, we restrict our analysis to the sample of active users with more than 100 RMB fund
purchase (“active user” sample). Consistently, we find that one unit increase in the level of
AliFrac corresponds to 14% in risky share and 0.52% in portfolio volatility, which are of big
economic magnitude comparing to their respective sample averages of 45% for risky share
and 1.77% for portfolio volatility.

As we have seen in Section 3, AliFrac correlates with some individual characteristics that
are shown in the literature to reflect risk aversion. In particular, AliFrac is positively related

to consumption growth volatility (o¢), which, according to Merton (1969), is positively

21As an alternative way to express the economic magnitude, one standard deviation increase in AliFrac
corresponds to a 2.99% (=13.6%x0.22) increase in risky asset participation rate, which is still a reasonably
large magnitude, comparing to the average participation rate of 37.5%. Since our AliFrac measure ranges
from 0 to 1, we still refer to the effect of one unit increase in AliFrac for the easiness of interpretation of
regression coefficients in subsequent discussions.
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related to investors’ risk tolerance.?? To disentangle potential confounding effects, we include
oc in the second regression specification, and further include age, gender, consumption level
to capture individual’s risk attitude in the third regression specification. The empirical
results on these control variables are consistent with our interpretation: First, we find a
positive relation between o¢ and all three risk-taking measures. For example, one unit
increase in ¢ corresponds to an increase of 3.7% in risky asset participation rate (Column
(2) in Panel A). Second, further controlling for individual gender, age, and consumption level
reduces the effect of o¢ on risky participation by half (from 3.7% to 1.9%), but the positive
relation remains significant. The pattern is similar for the effect on risky share and portfolio
volatility. These results indicate that o¢ indeed captures individuals’ risk tolerance. While
its effect is partially absorbed when we include other observable individual characteristics, it
still contains additional information over these variables. Third, the effects of these additional
controls are also consistent with the literature:® Investors who are male, young, have higher
wealth level also tend to exhibit higher risk-taking, and the effects are mostly significant.
Finally, in all regressions, we include city fixed effects to control for any difference in risk-
taking behavioral due to unobserved local economic and social factors. Overall, the results
suggest that the control variables we include indeed capture investors’ risk tolerance level.
Yet, controlling for the effect of risk tolerance, the results on AliFrac remain qualitatively
the same, and the magnitudes of the AliFrac effect also remain economically significant.
After documenting a positive relationship between AliFrac and risk-taking, another im-
portant question is the channel behind this improved risk-taking. The positive impact of
FinTech adoption on the intensity of risk-taking, beyond the simple participation decision,
can help shed light on this issue. As documented in the prior literature (Campbell (2006),
Hong, Kubik, and Stein (2004), Vissing-Jgrgensen and Attanasio (2003)), despite the posi-
tive risk premium associated with financial investment, a substantial fraction of households
do not invest in risky assets, possibly due to the existence of fixed physical costs and psy-
chological costs (e.g., familiarity and trust). Our findings on the intensity of risk-taking
point to the importance of building familiarity and trust as a potential solution to the low-
participation puzzle. If the limited participation puzzle was only due to lack of access, then
the FinTech convenience and efficiency can reduce the physical costs and increase participa-

tion, but not necessarily the level of risk-taking.?* However, if the pre-FinTech friction also

22Gection 5.1 discusses the theoretical motivation and provides validity of o as a risk tolerance measure
in more detail.

23Sunden and Surette (1998), Jianakoplos and Bernasek (1998), Barber and Odean (2002), etc.

24With only the technological efficiency of FinTech platform, investors may put more investment capital
onto the mutual fund platform. However, the weight they put into risky assets, i.e. risky share, should not
be affected.
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includes individuals’ mistrust or psychological aversion of investing in risky assets, then ad-
vent of FinTech has implications for the level of risk-taking as well: with the repeated usage
of one function of Alipay (e.g., digital payment), investors can build familiarity and trust
with the investment vehicles offered on the FinTech platform, which further help reduce the
psychological barriers against risky investment and lead to higher portfolio weight in risky
mutual funds.

In addition to the regression setting, Figure 3 provides a more intuitive demonstration of
our results. In particular, we sort the individuals in our sample into fifty groups according
to their FinTech adoption level (AliFrac), and compute the average AliFrac and average
risk-taking measures within each group. The upper two panels and the lower left panel of
Figure 3 plot the average participation, risky share, and portfolio volatility of each group
against their average AliFrac, respectively. One can observe a roughly monotonic and linear
relation between AliFrac and all three measures of risk-taking. Consistent with the magni-
tude estimated from the cross-sectional individual regressions, a unit change of AliFrac from
0 to 1 corresponds to an increase of 15.3% in risky participation, 12.9% in risky share and

0.43% in portfolio volatility.

4.2 Panel Regression with Fixed Effects

Since both environmental factors and individual-specific factors could contribute to the effect
of FinTech adoption on risk-taking, we further disentangle the relative importance of the two,
utilizing a panel regression with different layers of fixed effects. We explore fixed effects in two
dimensions: individual fixed effects that capture any time-invariant personal characteristics;
city-times-month fixed effects that capture the gradual penetration of Alipay in each city
in each month. It is worth emphasizing that the fixed effects themselves will capture part
of the economic impact of FinTech adoption. Therefore, the coefficients on AliFrac in this
regression setting can be interpreted as the lower bar of the effect of FinTech adoption on
risk-taking. In particular, after controlling for individual fixed effects and the city-times-
month fixed effects, the remaining effect of FinTech adoption on risk-taking only comes from
the time-series variation in AliFrac at the individual level that is on top of the variation of
FinTech adoption across cities over time.

Panel B of Table 4 reports the results for the effect of FinTech adoption on participation
and risky share with various fixed effects. For participation, we have a panel of 50,000
investors for 27 months; For risky share measure, we only have 17 months of holdings data
for these investors starting from August 2017. Portfolio volatility is excluded in this setting as
the volatility measure has to be estimated using the monthly time series data. Starting with

the effect on participation, as reported in columns (1) to (4), we find that both individual
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and city-times-month fixed effects explain an important proportion of the effect of FinTech
adoption. Without any fixed effect, the coefficient on AliFrac is 0.126, which is comparable
to the coefficient of 0.136 in column (1) of Panel A Table 4. With individual fixed effects
only, the coefficient becomes 0.095 (t-stat= 5.47), representing a reduction of 24.6% (=
(0.126 —0.095)/0.126). The difference comes from the cross-individual dispersion in AliFrac.
With city-times-month fixed effects only in column (3), the coefficient drops from 0.126 to
0.070, a reduction of 44.8% (= (0.126 —0.07)/0.126). This pattern of reduction in coefficient
estimates suggests that the change in FinTech adoption across different city over time largely
explains individuals’ decision on whether to participate or not, whereas the cross-individual
dispersion explains a smaller part. Finally, with both individual fixed effects and city-times-
month fixed effects, the coefficient drops to 0.006, although still significant with a t-stat of
3.01. Therefore, even if we only examine the time-series variation in FinTech adoption for
each individual, excluding the effect of change in city-level FinTech adoption over time, we
still find a positive relation between FinTech usage and investors’ participation.

Moving to risky share, we also find a significant impact of FinTech adoption with and
without fixed effects, although the pattern of the coefficient estimates is different from that
for participation. In particular, without any fixed effects, the coefficient on AliFrac is 0.111
in column (5). With individual fixed effects only in column (6), the coefficient reduces to
0.039, representing a decrease of 64.9% (= (0.111 — 0.039)/0.111). With city-times-month
fixed effects only in column (7), the coefficient drops to 0.092 (a reduction of 17.4%). In other
word, individual fixed effects explain a larger proportion of the effect of FinTech adoption
on risky share, whereas the gradual penetration of FinTech across different city over time
explain a relatively smaller component. Finally, with both individual and city-times-month
fixed effects, the coefficient drops to 0.020, although still significant with a ¢-stat of 4.89.

The comparison of the regression results between participation and risky share is consis-
tent with the different economic interpretation of the two variables. The gradual penetration
of FinTech in different cities reduces participation cost for individuals living in the city, which
is likely to encourage participation. For example, with more merchants adopting the QR-
Scan payment, individuals living in the city would find Alipay a more convenient app to
use for every-day activities, which also helps lower the transaction costs and the searching
costs of mutual fund investment. However, once the investors start to invest, how much of
weight they put into risky assets is likely to be a reflection of their risk attitude, captured
by individual fixed effects.
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4.3 Change in FinTech Adoption and Change in Risk-Taking

Next, we move on to explore the cross-individual variations along the dimension of change
in FinTech adoption and change in risk-taking. As discussed in Section 3, both the level of
AliFrac and the change in AliFrac contain valuable information about the speed and intensity
with which individuals adopt the new technology. Male and those with high risk tolerance
are fast adopters. Equipped with high AliFrac level in early 2017, they enjoy less increase
in FinTech penetration during 2018; while elder individuals and those with relatively lower
risk tolerance living in the inner land of China witnessed a much larger increase in FinTech
penetration during the same period.

Besides, focusing on individuals’ change in FinTech adoption and change in risk-taking
also helps alleviate the concern that some unobserved, hence uncontrolled, factors, may drive
the previous cross-sectional results. For example, if individuals who are open-minded tend
to use the newly-developed digital payment more often and are also more willing to invest
in risky assets. We may attribute the effect of being open-minded to FinTech. However,
AAliFrac is unique and it captures the speed of individual’s FinTech adoption. It is unlikely
that the aforementioned unobserved factors will drive both AAliFrac and changes in risk-
taking at the same time. This is especially true given that Ant’s mutual-fund platform has
already been well established prior to 2017.

Specifically, we cut the sample into halves and use the year 2017 as the before sample
and the year 2018 as the after sample. For each individual, change in FinTech adoption is
calculated as the difference of average monthly AliFrac for year 2018 minus that of year 2017.
Similarly, we measure the change in risky asset participation and the change in risky share at
the individual level. A person is defined as participate for months on and after his/her first
purchase of non-money market mutual funds.?®> Panel C of Table 4 reports the corresponding
results for the effect of the change in FinTech adoption on the change in risk-taking. We
follow a similar regression specification as in Panel A with all controls. Consistent with our
prior, individuals with a larger increase in FinTech adoption participate more in risky asset
investment. Meantime, they significantly increase their intensity of risk-taking, as reflected
in higher portfolio risky share. In particular, as an individual’s FinTech adoption increases
from O to 1, his/her likelihood of risky fund participation increases by 1.4% from 2017 to
2018, which is smaller in magnitude than the cross-sectional estimate of 13.6%, but is still
economically meaningful. The corresponding change in this individual’s risky share increases
by 8.7%, which is of the same order of magnitude as the cross-sectional result of 14.6%. The

weaker effect of change in AliFrac on change in participation is to be expected, as it captures

25Since our data on investors’ holding position is relatively short for 2017, the change in portfolio volatility
cannot be measured.
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only the variations from the late adopters restricted to their yes-or-no participation decision.
By the end of 2018, when individuals already started to utilize Ant investment platform to
fulfill their investment needs, individuals’ change in risk-taking is better reflected by their
portfolio risky share.

Finally, the relation between change in FinTech adoption and change in risk-taking is
also evident from a graphical representation, as shown in the lower right panel of Figure 3.
We sort the individuals in our sample into fifty groups according to their change in FinTech
adoption (AAliFrac), and compute the average AAliFrac and average ARisky Share within
each group. As average AAliFrac increases from 0 to 1, the corresponding change in these
individuals’ risky shares increases by 8.7%, which is consistent with the regression results in
Panel C of Table 4.

4.4 Distance-to-Hangzhou as an Instrument

To further pin down the causal impact of FinTech adoption on household risk-taking, we
employ an instrumental variable approach. As shown in Figure 2 and discussed in Sec-
tion 2, the expansion footprint of the digital payment function of Alipay centers around
Hangzhou and gradually penetrates into other cities. Ant Group initially cooperated with
local government in Hangzhou to implement the QR code-based mobile payments in public
transportation, hospitals and household utilities bills including electricity, water, communi-
cations. It then gradually expanded to other cities in Zhejiang province, the nearby cities in
nearby provinces, and distant cities in distant provinces. Cities located closer to Hangzhou,
the headquarter of Alibaba, are more likely being targeted the first. This is also because the
penetration of the digital payment function of Alipay is associated with ground promotion,
in which the marketing team of Ant Group has to communicate with local merchants in
person and convince them to accept the QR-Scan pay function as a payment method. As a
result, it naturally initiated from cities around Hangzhou. To the contrary, the marketing
of the investment function of Alipay is not restricted from a geographical perspective and is
mostly app based. Therefore, a city’s physical distance to Hangzhou is less likely to directly
affect individuals’ risk-taking through the promotion of Alipay digital payment.

We use the natural logarithm of a city’s distance to Hangzhou as an instrumental variable
to predict the intensity of FinTech adoption across different cities. We then examine the
effect of instrumented AliFrac on risk-taking in the second stage. Table 5 reports the IV test
estimations. One may also worry that Hangzhou is geographically close to some metropolis
or tier-one cities, especially Shanghai, and a city’s distance to Hangzhou largely correlates
with its distance to Shanghai. If being closer to metropolitan area encourages individual risk-

taking, then our IV test may mistakenly attribute the effect of metropolitan to Hangzhou.
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To distinguish the two effects, we compare the results for cities located within smaller
radius around Hangzhou (HZ). The underlying assumption is that for cities located far from
Hangzhou, distance to Hangzhou can be similar to distance to Shanghai. In contrast, for
cities in a region close to Hangzhou and Shanghai, distance to Hangzhou and distance to
Shanghai can be rather different. Panel A of Table 5 reports the results in the first stage
regression in which FinTech adoption is regressed on Log(Distance) in a panel regression
setting. In particular, columns (1), (2), (3) include a subsample of cities within 500km,
1000km, and 2000km radius from Hangzhou respectively, and column (4) include all cities.
Columns (5) to (8) report the corresponding results using distance to Shanghai as the IV.
These results confirm our observation that cities that are closer to Hangzhou have higher
level of FinTech penetration due to the gradual spread of the promotion effort of Alipay as
a new payment method.

In comparison, for the first-stage estimation using distance to Shanghai as the IV, the co-
efficients on Log(Distance) are only marginally significant. Moreover, within a small radium
(500km) around Hangzhou, the coefficients on distance to Shanghai are statistically insignifi-
cant, and also have a much smaller magnitude. For example, focusing on the setting for cities
within 500km radius, the coefficient on the log distance to Hangzhou in column (1) is -0.437
(t-stat=-3.99), whereas the coefficient on the log distance to Shanghai in column (5) is -0.129
(t-stat=-0.70). For the setting with all cities, the coefficient on the log distance to Hangzhou
is -1.995 (t-stat=-2.16), which is similar to the corresponding coefficient on the log distance
to Shanghai, -1.766 (t-stat=-1.77), in column (8). This contrast between Shanghai and
Hangzhou is consistent with our intuition. For cities far from Hangzhou and Shanghai, their
distance to these two cities are similar. Therefore, the coefficients on Log(Distance (to SH))
partially capture the effect of Log(Distance (to HZ)), and appear to be statistically signif-
icant. Within smaller circles, however, we find only distance to Hangzhou is related to
FinTech adoption, whereas distance to Shanghai has no explanatory power.

In addition, cities near the eastern coast of China tend to have higher level of economic
development than cites in the inner part of China. Therefore, we also include variables on
city economic conditions and access to financial institutions, i.e. GDP, population, income
and number of bank branches, as controls in the first stage regression. The coefficients on
distance measures in Panel A of Table 5 capture the effect on top of these variables related
to economic conditions.2®

Moving to the second stage estimation in Panel B of Table 5, we examine the effect of

26Tn unreported analyses, we also conduct placebo tests using distance to the other three tier-one cities,
Beijing, Shenzhen, and Guangzhou in the first stage regression. The regression coefficients on these distance
measures are insignificant, confirming our observation of the geographical distribution pattern of FinTech
penetration. The results are available upon request.
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FinTech adoption on participation and risky share. For each risk-taking measure, we examine
two regression settings: cities within a small circle around Hangzhou (500km) and all cites.
Taking risky share as an example, one standard deviation increase in instrumented AliFrac
for cities within 500 kilometers around Hangzhou predicts 4.1% increase in city-level risky
share (= 3.94% x 1.04). For the setting with all cities as reported in column (4), one standard
deviation increase in instrumented AliFrac predicts 1.16% increase in city-level risky share
(= 4.6% % 0.25).27 The IV estimation magnitude is comparable to that of city-level OLS
estimations: Under OLS regressions, one standard deviation increase in city-level AliFrac is
associated with 2.34% and 1.17% increase in city-level risky share for the 500km sample and
the whole sample respectively. Using participation as the risk-taking measure, the results
are consistent. In particular, one standard deviation increase in instrumented AliFrac leads
to 2.55% (= 3.94% x 0.649) increase in participation rate for cities within the 500km circle
around Hangzhou. The corresponding results for distance to Shanghai are reported in the

right four columns for comparison. None of the coefficients on AliFrac are significant.

5 FinTech Inclusion and Welfare Implications

Our empirical results have so far shown that FinTech fosters financial inclusion — higher
FinTech adoption is associated with higher risky participation and higher risk-taking. This
finding is itself welfare improving as the literature has in general documented the welfare
losses due to the non-participation and under risk-taking by households, which, according
to financial theory, are apparently against their own best interests. Exploring the individual
heterogeneity in our sample, we provide in this section further evidences of welfare improve-
ment by focusing on investors who are otherwise more constrained prior to the advent of
FinTech. This includes investors who are more risk tolerant and live in cities under-served
by the traditional financial infrastructure. Moving beyond the risk-taking measures, we also
examine the efficiency of the investments on FinTech platforms, focusing on measures of

Sharpe ratio and portfolio diversification.

5.1 Benefits of FinTech Inclusion for High Risk-Tolerant Investors

As FinTech expands its sphere of influence and includes more investors onto its platforms,
who benefits more from this FinTech inclusion? Does the improvement in risk-taking align

with the prediction of financial theory? In this section, we focus on the dimension of risk

2"Instrumented city-level AliFrac has a standard deviation of 3.94% and 4.6% for the 500km sample
and the whole sample respectively. For the uninstrumented city-level AliFrac, the corresponding standard
deviation is 7.4 and 9.2 respectively.
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aversion, which, according to financial theory, is the sole characteristics differentiating one
investor’s risk-taking from that of another. As a general result, more risk-tolerant individ-
uals invest more in risky asset. In the case of a mean-variance investor (Markowitz (1952)

and Tobin (1958)) or Merton’s portfolio problem (Merton (1969, 1971)), the optimal risky

portfolio weight w* of an investor is inversely proportional to his risk-aversion coefficient ~:

w =t (1)
YORr

where p — 7 is the risk premium of the risky asset and op its volatility. Consider the extreme
case of zero risky participation (w = 0), the constraint faced by investors with lower risk-
aversion coefficient 7 (i.e., higher risk tolerance 1/v) would be more severe and their utility
loss larger. Conversely, the benefits of FinTech inclusion would be higher for the more risk-
tolerant investors. In other words, if the advent of FinTech can indeed break down barriers
and unshackle the constraints, both physically and psychologically, then it is the more risk-
tolerant investors who stand to benefit the most, as they are otherwise more constrained in
the absence of FinTech.

Consumption Volatility as a Proxy for Risk Tolerance

Measuring individual-level risk aversion has always been an important and yet daunting
task in the literature of household portfolio choice. One standard approach of eliciting
risk aversion is through lottery-type questions. The reliability of the survey data and their
connection to investors’ risk-taking have yet to be established (e.g., Ameriks, Kézdi, Lee, and
Shapiro (2020)). Conversely, the literature has approached the task by inferring individual-
level risk aversion through their risk-taking behavior. In a recent paper, Calvet et al. (2021)
estimate the cross-sectional distribution of preference parameters, including the relative risk-
aversion coefficient, using a large administrative panel of Swedish households. Key to their
estimation of the risk-aversion coefficient is the households’ wealth and portfolio choice. The
heterogeneity in portfolio choice has also been studied by Meeuwis, Parker, Schoar, and
Simester (2018) and Giglio et al. (2021) via the connection between the observed risk-taking
behavior and the cross-individual variation in preferences and beliefs.

One unique feature of our data is that it allows us to track both the consumption and
investment behaviors of the same individual. Taking advantage of the consumption side of the
data, we can use the individual-level consumption volatility as a proxy for risk tolerance. The
theoretical foundation of our approach is the Merton’s optimal consumption and portfolio
choice problem. As solved by Merton (1971) and expressed in Equation (1), the optimal

portfolio weight w* is inversely proportional to the risk-aversion coefficient v and linear in
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risk tolerance 1/v. Moreover, with the optimal consumption-to-wealth ratio being constant,
the consumption volatility o¢ equals to the portfolio volatility o, and both are proportional
to individual risk tolerance (1/7). This result allows us to use the cross-sectional variation
in o¢ to capture the cross-sectional variation in risk aversion.

While o¢ as a function of risk aversion 7 is exactly specified in the complete market
setting of Merton, in the more general setting o should still be a decreasing function of risk
aversion and increasing function of risk tolerance. The consumption volatility is a measure
of sensitivity of state dependence of consumption, where the states could be outcomes of
investments, endowments, labor and other factors. As long as the state dependence of
consumption is a result of the individual’s consumption choice (to maximize utility with
available albeit incomplete financial instruments), then, even when markets are incomplete,
a more volatile consumption should correspond to less risk aversion.

Empirically, we validate the effectiveness of o¢ as a proxy for risk aversion in two di-
mensions. First, examining the cross-sectional determinants of ¢ in Table A1, we find that
male and young investors on average have higher o¢, consistent with the perception that
such investors are relatively more risk tolerant. Second, we find that although consumption
and risk-taking occur in two different platforms, one on Taobao and the other on the Ant
platform, there is, however, a significant connection between the two. Consistent with our
hypothesis that o¢ is a good proxy for risk tolerance, individuals with higher o¢ exhibit
higher levels of financial risk-taking. As shown in Table 4, a one standard deviation in-
crease in consumption growth volatility is associated with 1.48% (= 0.4 x 0.037%) increase
in risky fund participation, 2.08% (= 0.4 x 0.0519%) increase in risky share, and 0.138%
(= 0.4 x 0.345%) increase in portfolio monthly return volatility. Controlling for individual
gender, age, and consumption level reduces the effect of consumption growth volatility on
individual risk-taking by half approximately, but the positive relation remains significant.

The positive connection between o¢ and risk-taking can be further illustrated in the left
panels of Figure 5. We sort individuals in our sample by their consumption volatility into 50
groups, and compute the average consumption volatility, risky participation rate, and port-
folio volatility for each group. As shown in the left panels of Figure 5, there is a rather strong
relation between consumption volatility and the two risk-taking measures. As indicated in
the fitted lines, regressing the participation rate on the consumption volatility across the 50
groups, the coefficient is 4.64 (t-stat=7.07) and the R-squared is 51%; regressing portfolio
volatility on consumption volatility, the coefficient is 0.39 (¢-stat=9.02) and the R-squared is
62%. Overall, the empirical evidence is consistent with the interpretation that consumption
growth volatility reveals the risk tolerance of investors, and this measure contains additional
information above and beyond the other observable investor characteristics such as gender,

age, and consumption level.
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FinTech Adoption and Risk-Taking, Conditioning on Risk Tolerance

Who benefits more from FinTech inclusion? To answer this question, we examine the rela-
tion between FinTech adoption and risk-taking by conditioning on investor characteristics.
As previously discussed, the characteristics of first-order importance in household portfolio
choice is risk tolerance, which we proxy by individual-level consumption volatility. In addi-
tion to o¢, other individual characteristics such as gender, age, and wealth are also used as
conditioning variables in this section to proxy for risk aversion. The results are summarized
in Table 6.

Focusing first on risky participation, we see that the coefficient for the interaction term
between AliFrac and o¢ is positive and statistically significant, indicating that FinTech adop-
tion indeed increases risky participation more for individuals with higher risk tolerance. This
finding is consistent with our hypothesis that investors with higher risk tolerance, who are
otherwise more constrained in the absence of FinTech, benefit more from the FinTech inclu-
sion. In addition to consumption volatility, Table 6 further examines the relation between
FinTech adoption and risky participation, conditioning on other investor characteristics. It
shows that the effect of FinTech adoption on risky participation is significantly more pro-
nounced for investors with higher consumption level (i.e., wealthier investors), as well as for
young and male investors. Consistent with our intuition and the findings in the literature,
such investors in general are less risk averse, and these additional results further confirm our
hypothesis that investors with higher risk tolerance benefit more from the FinTech inclusion.

It is also interesting to see that the interaction term for AliFrac and o¢ reduces in magni-
tude and statistical significance after the interactions with the additional characteristics are
included in the regression. This is consistent with the fact that o¢ and the other individual
characteristics contain overlapping information with respect to individual-level risk toler-
ance. Nevertheless, conditioning on such individual characteristics, o¢ remains important
and informative, indicating that o¢ is informative with respect to risk tolerance above and
beyond the individual characteristics of gender, age, and wealth.

In addition to risky participation, Table 6 also reports the result for the other two risk-
taking measures of risky share and portfolio volatility. The results for portfolio volatility are
similar to those of risky participation, especially when o¢ is used as a proxy for risk tolerance.
Among the other characteristics, age remains important while gender and consumption level
become insignificant. The results for risky share are weaker. Given that both risky share
and portfolio volatility measure the extent of risk-taking conditioning on participation, the
relative weaker results for risky share can possibly be explained by investors with higher
FinTech adoption moving within the risky funds, from those of lower risk to higher risk,

while keeping risky share at the same level.
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Welfare Gains for High Risk-Tolerant Investors

In addition to the regression setting, our findings can be summarized most concisely by the
right panels of Figure 5. We double sort individuals in our sample by their AliFrac and o¢
into 25 x 2 = 50 groups. The top right panel of Figure 5 plots the relation between risky
participation and FinTech adoption for each group. The blue dots are for those with high
oc (i.e., high risk tolerance), while the green squares are for low o¢. The bottom right panel
repeat the same analysis for portfolio volatility.

In both cases, it is evident that the benefits of FinTech inclusion are stronger for the
investors with higher risk tolerance. For two investors of the same level of FinTech adop-
tion, the more risk-tolerant investor participates more in risky asset and, conditioning on
participation, his/her risky exposure (i.e., portfolio volatility) is also higher. According to
the financial theory summarized in Equation (1), this gap in risk-taking is exactly what we
expect to see: higher risk-tolerant investors take on more risk to enhance their utility. But
what is interesting is that, in both plots, the gap is relatively small when the investors’
FinTech adoption level is low. In other words, when the FinTech adoption level is low, the
high risk-tolerant investors behave not that differently than their low risk-tolerant counter-
parts. This, of course, is counter to financial theory and speaks to the fact that such high
risk-tolerant investors are constrained and their utility not optimized. With the increase in
FinTech adoption, however, this gap in risk-taking widens, indicating that, with the increase
in FinTech adoption, such high risk-tolerant investors are less constrained and their welfare

improved.

5.2 Benefits of FinTech Inclusion for Under-Banked Cities

The benefits of FinTech inclusion are without any doubt stronger for individuals under-
served by the traditional financial infrastructures. As reviewed by Suri (2017), mobile money
in developing economies has allowed individuals without bank accounts to digitally transact
money. Households in Kenya, with the help of digital loans, are able to enhance their financial
resiliency to shocks (Suri, Bharadwaj, and Jack (2021)). Motivated by this important trend,
we examine the benefits of FinTech inclusion across Chinese cities with varying levels of
financial services. Before the development of FinTech platforms, banks are the predominant
distribution channel of mutual funds. As a result, investors living in areas with fewer bank
branches have limited access as well as limited exposures to mutual fund investments. Based
on these observations, our hypothesis is that investors living in such under-banked cities,
who are otherwise more constrained prior to the arrival of FinTech platforms, would benefit

more from FinTech inclusion.
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Measuring City-Level Bank Coverage and FinTech Penetration

To capture city-level FinTech penetration, we start with the individual-level AliFrac and
aggregate them to the city level, based on individuals’ residency. As the local merchants
across different cities in China gradually adopt the Alipay scan-to-pay QR code, the cross-
city as well as time-series variation in AliFrac is thus developed, which can be viewed vividly
in the penetration maps displayed in Figure 2. Figure A2 further plots the changes in city-
level AliFrac between 2018 and 2017. Different from the level plot, which darkens along the
coastal areas near Shanghai and Hangzhou, those cities experiencing the highest improvement
in FinTech penetration from 2017 to 2018 are in fact away from the coastal areas. Overall,
the richness of the cross-city variations in FinTech penetration and bank coverage provide a
fertile ground for us to study the benefits of FinTech inclusion.

We measure the city-level bank coverage by the number of bank branches in each city.
Figure A3 plots the geographic distribution of banking coverage in each city. Comparing
the bank-coverage map against the FinTech penetration maps in Figure 2, we can see that
the distribution of bank coverage is uniquely different from that of AliFrac. Moreover, as
the number of bank branches in each city is itself an endogenous variable influenced by the
economic and demographic conditions for each city, we use the city-level GDP, population,
and income per capita as controls in our analysis. The first-tier cities of Beijing, Shanghai,
Guangzhou, and Shenzhen have also been singled out as a unique group in our analysis given

their mega-city status.

FinTech Penetration and Risk-Taking, Conditioning on Bank Coverage

Do individuals living in under-banked cities benefit more from FinTech inclusion? To answer
this question, we examine the impact of FinTech penetration on risk-taking, conditioning on
bank coverage, and the results are summarized in Table 7. As expected from our previous
analyses, unconditionally, there is a positive and significant relation between risk-taking and
AliFrac, controlling for city-level characteristics including number of bank branches, GDP,
population, income, and tier-one city dummy. Overall, the unconditional results reported
in Table 7 are comparable in magnitude and statistical significance to the results in Table 5
using the instrument-variable approach.

The more interesting results emerge as we examine the benefits of FinTech inclusion
conditioning on bank coverage (i.e., Log(BB)). In particular, the coefficients on interaction
term of AliFrac and Log(BB) are negative (although the coefficient for participation is not
significant), indicating that the increase in risk-taking associated with FinTech penetration
is stronger for cities with low-bank coverage. Taking the estimation for risky share as an

example, when the AliFrac of an average city increases from 0 to 0.1, it drives up the local
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individual risky share by 2.54% (t-stat=1.89). For a city whose bank coverage log(BB) is one
standard deviation below the mean, the same one unit increase in AliFrac would increase
risky share by an extra 5.46% (t-stat=4.26).2® Adding these two numbers together, an 10%
increase in AliFrac increases risky share by 8.0% for such a one-std below average city. In
other words, the benefits of FinTech inclusion is more significant, both statistically and
economically, for individuals living in under-banked cities.

In addition to the regression setting, Figure 6 provides a more intuitive demonstration
of our results. In the top panel, each city’s risky share is plotted against its AliFrac. The
287 cities are further divided into two groups according to their bank coverage — the below-
median cities plotted in red stars and above-median cities in orange circles. The solid fitted
line indicates that among cities with low bank coverage, a 10% increase in city-level AliFrac
increases risky share by 5.7% (t-stat=2.62). By contrast, the FinTech benefits among cities
with high bank coverage are close to zero. In other words, the benefit of FinTech inclusion
comes mostly from cities less served by banks.

Even more stark are the results demonstrated by the bottom panel of Figure 6, where
changes in risk-taking are plotted against changes in FinTech penetration. As discussed
earlier, the cross-city variation in FinTech penetration has a dynamic aspect. From 2017
to 2018, when the speed of FinTech penetration is the fastest, those cities experiencing the
highest improvement in FinTech penetration are in fact away from the affluent coastal areas,
where FinTech penetration is in general very high. As such, AAliFrac, which measures
the changes in FinTech penetration, contains information that is different from the level of
AliFrac. For under-banked cities, which are less affluent and located toward inner China,
the information embedded in AAliFrac could be more valuable. This is indeed the case.
Examining the relation between changes in risky share and AAliFrac, we see a positive and
significant relation for cities with low bank coverage: a 1% increase in AAliFrac leads to a
2.33% (t-stat=2.82) increase in risky share.?® For cities with above-median bank coverage,
however, the relation has in fact turned negative, although the economic as well as statistical
significance of the relation is weak. Again, at the city level, the benefits of FinTech inclusion
are captured mostly by the under-banked cities.

Performing the same analysis using the regression setting, the right panel of Table 7

provides similar evidence. The interactions between AAliFrac and Log(BB) are significantly

28For ease of interpretation, the city-level control variables, with the exception of AliFrac, have all been
normalized to have zero mean and standard deviation of one. The cross-city standard deviation of AliFrac
is 0.092, close to the 0.1 number used in the above calculation.

29As shown in the bottom panel of Figure 6, large cross-city variations in AAliFrac exist for both the
below-median cities (red stars) and the above-median cities (orange circles), with the cross-city standard
deviation larger for the under-banked cities (1.66%) than the above-median cities (1.03%).
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negative and they even subsume the effect of AAliFrac itself, indicating that individuals
living in under-banked cities contribute in an important way to the positive findings between
city-level FinTech penetration and risk-taking. Our approach of examining the relation using
changes in addition to levels can help address the potential endogeneity concern over the
city-level AliFrac, which could be influenced by the city-level economic and demographic
conditions. By focusing on the changes in risk-taking over the 2017-2018 period, we dampen
the influence of the low-frequency city-level characteristics on risk-taking and allow the
information contained in AAliFrac to do the heavy lifting in explaining the changes in risk-

taking.

5.3 FinTech Inclusion: Zero-Sum or Welfare Improving?

FinTech inclusion can take place through two channels. One is at the expense of the existing
financial infrastructure. Because of the conveniences offered by the large FinTech platforms,
individuals may reallocate their existing investment from the traditional channels onto Fin-
Tech platforms. In such a zero-sum scenario, the overall financial inclusion for the society
remains unchanged. To the extent that investors can access a broader coverage of mutual
funds on the same platform, paying lower transaction costs and enjoying technological con-
venience, there are some improvements in investor welfare, but the overall scope of welfare
improvement is rather limited.

The second and truly welfare improving channel takes place when the penetration of
technology opens the door for individuals who are unaware of financial investment opportu-
nities and would otherwise remain unbanked. This is financial inclusion in the real sense of
the word. For FinTech platforms to have a bright future in our society, it is imperative that
FinTech platforms can help lower the physical as well as psychological costs of financial mar-
ket participation. From this perspective, the empirical evidences so far summarized in this
section on the heterogeneous benefits of FinTech inclusion are of great importance. The fact
that the benefits of FinTech inclusion are stronger for individuals who are otherwise more
constrained — individuals with more risk-taking capacity and individuals under-served by
banks, provides a compelling evidence for the welfare-improving channel.

To enrich the finding that FinTech improves risk-taking for individuals who needs it the
most and add more granular support for the welfare-improving channel, this section focuses
directly on the population of individuals living in under-banked cities, and compare and

contrast them against those living in cities with high bank coverage.
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The Under-Banked Population

Out of the 28,393 active investors in our sample, there are 4,053 individuals living in cities
with below-median bank coverage. Not surprisingly, the population distribution of our data,
which is randomly selected from the entire population of the Ant platform, is tilted toward
the larger and richer cities. We pair each of the 4,053 individuals with a counterpart living in
cities with above-median bank coverage, requiring the pair to be of the same gender, born in
the same year, and have the closest values in consumption level and consumption volatility.
Panel A of Table 8 summarizes the distributions of these two samples, with the low-bank
sample as treatment and high-bank as control. Given the abundance of individuals living
under high-bank coverage, the matching is quite effective and the distributions of these two
samples are very close.?

Using these two matching samples, we compare and contrast the impact of AliFrac on
risky share between the low- and high-bank groups. Focusing first on the level of risky share,
the results in Panel B of Table 8 show that the impact of AliFrac is significant for both groups,
indicating the importance of FinTech adoption on individuals’ risk-taking behavior. The
magnitude of AliFrac’s importance, however, varies between the two groups — the regression
coefficient is 0.183 (t-stat=4.87) for the low-bank sample and 0.148 (¢-stat=2.91) for the high-
bank group. Similar to the city-level results, the benefits of FinTech inclusion are stronger
in magnitude as well as statistical significance for the under-banked individuals. Focusing
on the change in risky share, the contrast is stronger and more apparent. As shown in Panel
B of Table 8, the impact of AAliFrac on changes in risky share is positive and significant
for the low-bank group, but not for the high-bank group. A formal test of the difference
is positive and significant, indicating that the gradual penetration of FinTech from 2017 to

2018 of FinTech mainly improves the risk-taking for the under-banked individuals.

Segments of the Under-Banked Population

Taking advantage of the two matching samples, we can further investigate which under-
banked populations benefit more from FinTech inclusion. For example, do matured indi-
viduals living in under-banked cities react to FinTech advancement differently from their

high-bank counterpart? As shown in Panel C of Table 8, the answer is yes. Compared

30AliFrac is not used as a matching variable because the absolute level of AliFrac is not comparable
between these two groups of individuals. As reported in Table 8, the low-bank coverage sample on average
has lower AliFrac but higher AAliFrac than their high-bank matching sample. This is consistent with the
fact that the low-bank coverage cities, located away from the coastal area and toward the inner China, tend
to have lower levels of AliFrac but high levels of AAliFrac, as the QR-Scan payment spreads gradually from
coastal to inner China from 2017 to 2018. Given the importance of cross-individual variation in our analysis,
it should be mentioned that the standard deviations of AliFrac and AAliFrac are close between the two
samples.
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with young investors, mature investors, age 30 and above, have higher investment capacities
and needs. Living in cities with high-bank coverage, such mature investors can invest in
mutual funds via the traditional channels such as banks, but their counterparts living in
cities with low-bank coverage do not have that privilege. With FinTech penetration, such
under-banked individuals are given an alternative channel and they jump on the FinTech
bandwagon more readily than their high-bank counterpart. This is indeed what we find. For
mature individuals, the coefficient of risk-taking on AliFrac is 0.192 (¢-stat=3.85) for the
low-bank group, much larger in magnitude and statistical significance than the coefficient of
0.048 (t-stat=0.79) for the high-bank group, indicating stronger benefits of FinTech inclusion
for under-banked individuals with stronger investment needs.

Another important dimension is via risk tolerance, proxied by o¢. As shown in Sec-
tion 5.1, the benefits of FinTech inclusion are higher for individuals with higher risk toler-
ance, as, prior to the arrival of FinTech platforms, the more risk-tolerant investors are more
constrained. Compounding this effect with bank coverage, those high risk-tolerant investors
living in cities with low-bank coverage are more constrained than their high-bank counter-
part. The results in Panel C of Table 8 is strongly supportive of this hypothesis. For investors
with high o¢, the coefficient of risk-taking on AliFrac is 0.242 (t-stat=4.64) for the low-bank
group, while that for the high-bank group is 0.058 (¢-stat=0.80), indicating the benefits of
FinTech inclusion to be strongest for those high risk-tolerant investors under-served by the

traditional financial infrastructure.

5.4 Investment Efficiency and Portfolio Diversification

Given the positive risk premium offered by risky asset classes, non-participation is clearly
sub-optimal for households of any levels of risk aversion. But in addition to non-participation,
welfare costs could also incur due to the investment mistakes made by households. Investi-
gating the investment efficiency of Swedish households, Calvet, Campbell, and Sodini (2007)
show that the return cost of non-participation is smaller by almost one-half when taking
account of the fact that non-participants would likely be inefficient investors. Motivated by
this important observation, we study the investment efficiency for investors in our sample

and examine its connection to individual-level FinTech adoption.

Investment Opportunity: Six Risky Asset Classes

Investors in our sample have access to six types of risky mutual funds: bond, equity, mixed,
index, QDII, and gold, which we treat as six risky assets. Unlike the comprehensive data
used by Calvet, Campbell, and Sodini (2007), we do not have the entire portfolio of our

investors. To the extent that we can talk about investment efficiency, it is within the scope
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of their investments on the Ant investment platform. We evaluate the investment efficiency
by taking into account of each individual’s portfolio choice on the six risky assets. In terms
of performance, we use the means and variances estimated at the level of the mutual-fund
categories. Using data from January 2005 to May 2019, Panel A of Table 9 reports the
monthly average means and standard deviations, using the aggregate performances of the
six mutual-fund categories.

Effectively, investors in our sample have access to six risky asset classes, with equity
offering high risk (7.32% monthly volatility) and high return (1.37% average mean); bond
offering low risk (1.12% monthly volatility) and low return (0.54% average mean); and the
mixed category in between equity and bond. Panel A of Table 9 further reports the correla-
tions between these six risky asset classes. Not surprising, the equity, mixed, and index are
highly correlated, but what’s surprising is that even the bond category has a correlation of
61% with the equity. The most intriguing category for our analysis is gold, which correlates
the least with the other asset classes, yields relatively low returns, and is of relatively high
volatility. And yet, as shown in Panel A, investors on the Ant platform hold about 10% of
their risky investments on gold, compared with 0.6% held by the market-wide retail investors

during the same time period.

Participation by Asset Class

The propensity of risky participation in each asset class is analyzed in Panel B of Table 9.
Similar to our main results, FinTech adoption has positive and significant impact on the
participation of all six risky assets. But the magnitude of the impact varies across the asset
classes. Participation in the mixed category is the most sensitive to FinTech adoption with a
coefficient of 0.149 on AliFrac, indicating that an increase of AliFrac from 0 to 1 corresponds
to an increase of 14.9% in the participation rate of the mixed category. This result is to be
expected, given that mixed mutual funds are of the largest category, accounting for 65% of
the total mutual fund holdings by retail investors. But what is unusual is the FinTech impact
on gold participation, whose overall market share is a mere 0.6% for all retail investors. And
yet an increase of AliFrac from 0 to 1 corresponds to an increase of 14% in gold participation.

The cross-individual relation between participation and o¢ exhibits a rather interesting
pattern. For equity, mixed, index, and QDII, which are essentially equity investments,
participation is positive related to o¢, indicating that more risk tolerant investors indeed
have a higher participation rate in such risky assets. For bond and gold, however, the
relation between participation and o¢ is small in magnitude and statistically insignificant,
and the point estimate for gold is negative. These results indicate that the participation

motives could be different across the various asset classes, which in turn could affect how we
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interpret the investment efficiency results.

Portfolio Diversification

We start with measuring each individual i’s portfolio variance, o2, calculated using the
individual’s portfolio weights w; on the six risky asset classes and the variance-covariance

matrix, >, estimated using monthly data from 2005 to 2019. Specifically,

2_ /

We then compare o2 against a hypothetical variance oz 5 calculated with the assumption that
there is no diversification benefit across the six asset classes (i.e., the cross-asset correlation
is 1). The percentage difference between the two variance measures, 1 — o2/ aﬁ g, therefore
captures the benefit of diversification across the multiple assets.

Overall, we find that investors with higher FinTech adoption tend to invest in more asset
classes and more diversified. As reported in Panel B of Table 9, the individual-level variance
reduction is positively related to AliFrac. For example, one unit increase in AliFrac leads to
3.8% (t-stat=9.77) in variance reduction. In terms of the effect of individual characteristics,
we also find that individuals who are younger, male, with higher level of consumption are also
more diversified. Dividing the sample by risky share and consumption volatility, respectively,
into high and low, we find similar results. Within the samples of individuals with high risky
share and high risk tolerance (i.e., high o¢), the connection between FinTech adoption and
portfolio diversification is slightly larger, although the difference is not very strong. Overall,
we observe a uniformly positive effect of AliFrac on diversification benefit across different
individuals, consistent with the possibility that individuals with more FinTech adoption,
through their repeated usages on the FinTech platform, explore and invest in more asset

classes on the FinTech platforms.

Portfolio Sharpe Ratio

To compute the Sharpe ratio of each individual’s portfolio, we use the actual portfolio weights
of the individual on the six asset classes. For performance, as reported in Panel A of Table 9,
we use the longer time-series data from January 2005 to May 2019 to estimate the expected
returns and variance-covariance matrix of the six risky asset classes and the one-year deposit

rate is used as the risk-free rate.?!

31Sharpe ratio for individuals without risky asset investment are set to zero, as these investors will not
earn any risk premium. One alternative way to estimate Sharpe ratio is to impose a CAPM model, similar to
the approach in Calvet, Campbell, and Sodini (2007). Given that the investment opportunity in our setting
is already at the factor level, we opt to estimate the expected return directly from the historical mutual fund
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Overall, we find a positive and significant relation between AliFrac and Sharpe ratio,
indicating that the investment efficiency is higher for investors with more FinTech adoption
(Panel C of Table 9). This improvement in Sharpe ratio, however, comes mainly from the
sample of low risky share individuals, which includes individuals with zero risky participa-
tion. Effectively, to participate or not is the main driver behind the improvement in Sharpe
ratio — as individuals with more FinTech adoption choose to participate, their Sharpe ratios
increase relative to the low AliFrac individuals who choose not to participate. This finding
is consistent with the important observation in the household finance literature that, given
the positive risk premium of risky assets, participation is welfare improving for investors of
any levels of risk aversion.

As documented by Calvet, Campbell, and Sodini (2007), mistakes made by investors
could dampen the welfare improvement associated with participation. For the population
with high risky share, we find some evidence of this dampening effect. As shown in Panel C
of Table 9, within the sample of high risky share investors, higher AliFrac does not result
in higher Sharpe ratio, and the relation is in fact negative though with a small economic
magnitude. As discussed earlier, investors on the Ant platform hold about 10% of their
investment in gold, while the market-wide holding in gold mutual funds is a mere 0.6%,
Moreover, as reported earlier, gold participation is highly sensitive to AliFrac, indicating
that there is a population of investors with high FinTech adoption who like to invest in
gold mutual funds. At the same time, compared with other assets, the risk-return tradeoft
for gold mutual funds is relatively poor and the Sharpe ratio low. From the perspective of
mean-variance optimization, this result speaks negatively to investment efficiency, indicating

that investors on FinTech platforms have yet to reach their optimal portfolio choice.3?

6 Conclusions

When we finished the first draft of our paper in October 2020, the IPO of Ant Group was
all the rage. One year later, with the suspension of Ant’s IPO and the recent sweeping Tech
Crackdown in China, the future of FinTech might look uncertain. Indeed, events like this
exemplify the pressing need to study the impact of FinTech on household finance. Using

account-level data from Ant Group, our paper is among the first to offer empirical evidences

performance.

32The rationality behind the allocation to gold could be open for more discussion. For example, without
any access to inflation-protected securities, such individuals might invest in gold mutual funds with the belief
that gold is an effective inflation hedge. This hedging motive is also consistent with the early observation
that, while more risk tolerant investors (i.e., o¢), are found to have higher participation rates in equity and
mixed mutual funds, they do not invest more in gold mutual funds. In fact, the relation between participation
in gold and o¢ is negative, indicating that more risk-adverse investors tend to invest more in gold.
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of how FinTech adoption can alleviate behavioral biases and improve household risk-taking.

As with any new technologies, a dark side always accompanies the bright side, and Fin-
Tech innovations are no exception. They have the potential to alleviate as well as exacerbate
behavioral biases. FinTech platforms, such as the one studied in this paper, grew from non-
existence in 2012 to capture an estimated 30% of the total market share of mutual-fund
distribution in China. Focusing on this episode of rapid FinTech development, Hong, Lu,
and Pan (2019) find that the emergence of FinTech platforms has a rather dramatic impact
on the behavior of mutual-fund investors and managers. In particular, as an example of how
FinTech innovations can inadvertently strengthen investors’ behavioral biases, they docu-
ment a strong platform-induced amplification of investor’s heuristics to chase top-performing
mutual funds.

Against this backdrop, the bright side of FinTech innovations documented in our paper
pushes the literature toward a more comprehensive understanding of the FinTech revolution.
Unlike the traditional financial institutions, one distinct feature of FinTech in China and
other emerging markets is the integration of financial and non-financial services via “super
apps” like Alipay. As these super apps become one-stop shops for living, households build
familiarity and trust through repeated usages and exhibit less psychological aversion against
risky investment. Despite the extensive concerns over the monopoly power of big FinTech
platforms, improving risky asset participation is one area where such an integrated model is
indeed desirable. This is especially true for households under-served by the existing financial
infrastructures, whose financial literacy could also be limited. For such individuals, the
advent of FinTech remains the most efficient channel to optimal risk-taking.

The above discussions point to the multifaceted nature of the FinTech revolution. For
FinTech regulations to be welfare-improving, much remains to be understood about how
FinTech can improve or worsen the household financial decision makings. This is where

further academic research on FinTech can be of value.
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Figure 1. FinTech in China — Payment, Consumption, and Investment

Data is aggregated across 50,000 randomly sampled individuals from January 2017 through March 2019.
In the upper graph, Alipay refers to third-party consumption paid via the digital payment function of Ant
Group’s Alipay app. Taobao refers to online consumption made via Alibaba’s Taobao or Tmall ecommerce
platform. Offline QR-Scan Pay/Offline Consumption is calculated based on statistics for the aggregate
economy. The lower graph reports the time series variation of mutual-fund purchases on Ant Group’s

investment platform, together with the aggregate Alipay and Taobao consumption for the randomly selected
50,000 sample.
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Figure 4. FinTech Adoption and Distance from Hangzhou

The figure shows the geographic distribution of city-level average FinTech adoption for the sample period
from 2017Q1 to 2019Q1. City FinTech adoption is calculated as the average AliFrac for individuals in a given
city during our sample. The headquarter of Ant group, Hangzhou, is highlighted in the graph. Centering
Hangzhou, regions within the 500, 1000, and 2000 kilometers radius from Hangzhou are marked using red

dotted circles.
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Figure 6. FinTech Adoption and Traditional Banking Coverage

We classify all cities into two groups based on the median cut-off of number of local bank branches. The
upper graph plots the risky share of each city against the city-level AliFrac for cities with high and low bank
coverage respectively. The lower graph plots the change in risky share from 2017 to 2018 against the change
in city-level AliFrac from 2017 to 2018 for cities with high and low bank coverage respectively.
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Appendix (For Online Publication) to
“FinTech Adoption and Household Risk-Taking”

Claire Yurong Hong, Xiaomeng Lu, and Jun Pan

A Further Evidence and Robustness Tests

In this appendix, we provide further evidence and robustness tests on the effect of FinTech

adoption on the risk-taking behavior of individual investors.

Al. Alternative Measures of FinTech Adoption

Our main measure of FinTech adoption scales Alipay consumption amount by total con-
sumption amount to tease out the effect of difference in wealth level of each individual.
However, one potential concern is that difference in AliFrac can be partially driven by the
variation in individual’s Taobao consumption, instead of by the variation in Alipay usage.
An investor with a high level of Taobao consumption tends to have low level of Alipay frac-
tion by construction. Despite the negative relationship between Taobao consumption and
AliFrac, this issue is unlikely to lead to mechanical result, as we also control for the level
of Taobao consumption in our regression estimations. To further alleviate this concern, we
use the logarithm of Alipay payment frequency of each individual as an alternative measure
of tech penetration. A higher frequency of Alipay usage reflects that the individual is more
familiar with the Alipay app as a payment method. We also follow the same method to
compute the change in the logarithm of Alipay payment counts from 2017 to 2018.
Appendix Table A2 reports the determinants of the logarithm of Alipay count (Log(AliCnt)).
The results are qualitatively the same as those for the AliFrac measure. The only exception
is that the logarithm of Alipay count is positively related to the logarithm of Taobao con-
sumption. This is also consistent with our expectation: Rich individuals tend to consume
more both online and offline. Thus, they also tend to use digital payment more frequently.
Using this alternative measure, we investigate its effect on investors’ risk-taking behavior
using the same regression settings. The results are reported in Appendix Table A3. Panel
A reports the results at the individual investor level, similar to the setting in Table 4 and
Table 6. The coefficients on FinTech adoption on risky fund participation, risky share, and
portfolio volatility are qualitatively the same as those in the previous analyses. Panel B
reports the corresponding results at the city level, similar to the setting in Table 7, a higher

level of FinTech Adoption is associated with higher risk taking for all three measures of risk



taking across all model specifications.

A2. Alternative Measures of Consumption Growth Volatility

According to Merton (1971), the consumption growth volatility reflects the risk tolerance
level of each individual. Following this intuition, a higher necessity goods consumption
growth volatility should translate into a larger variation in marginal utility, whereas the
growth volatility of other consumption category may not have an equivalent impact. There-
fore, we expect that FinTech adoption should increase risk taking for individuals with more
volatile necessity consumption.

To capture this intuition in the data, we decompose individual consumption into nar-
rowly defined consumption for basic, development, and enjoyable goods, and compute the
consumption growth volatility within each category. Basic consumption is conceptually more
related to the necessity goods consumption. We follow the same regression specification in
Panel A of Table 4 and Table 6 to examine investors’ portfolio volatility, and replace the
consumption growth volatility variable with basic, development and enjoyable consumption
growth volatility, respectively. The corresponding results are reported in Appendix Table
A4. As reported in column (1), one unit increase in basic consumption growth volatility
leads to a 0.05% increase in portfolio volatility (¢-stat=2.50). In column (2), we further
include the interaction between FinTech adoption and basic consumption growth volatility,
we find the coefficient to be statistically significant on the interaction term. We find a sim-
ilar effect for development consumption growth volatility in columns (3) and (4). However,
for consumption growth volatility of enjoyable goods, we find no significant effect on the
interaction term.

One potential concern on the measurement of consumption growth volatility is that
monthly Taobao consumption exhibits strong seasonality, as shown in the lower panel of
Figure 1. In addition, it also tends to increase substantially in Novembers due to the double
11 shopping festival. To rule out potential confounding effects related to these patterns
(for example, individuals who tend to purchase more during shopping season, also somehow
tend to invest on platforms), we compute two alternative measures of consumption growth
volatility, and repeat the previous analyses. In particular, in columns (7) and (8), we replace
the consumption growth volatility with the “YoY growth” volatility measure, which uses
year on year consumption growth to compute consumption growth volatility, and will not
be affected by the seasonality in Taobao consumption. In columns (9) and (10), we exclude
monthly consumption data in Novembers and estimate consumption growth volatility using
the remaining months in our sample. In both settings, the results are qualitatively the same

as the corresponding regression results in Table 4 and Table 6.



0¥'0 OF0 6€0 O0FV0 T1Iv0 'PIS

8ZT ¥¢T1 0CT ST'T GI'T uedy (moT=T1) ovquy
€0 680 0F0 0V0 O0F0 PIS
geT T1¢T T¢T 08T ¢T Wedy (1 1LL=T) (00 £31D)
Y0 IF0 0F0 S€0 L£0  PIS
9T'T 61T ¢¢T1 €T Cg'1 uedy (mo7=T) [oao] uordwrnsuoy)
6£0 0V0 IF0 TI¥F0 0F0 'PIS
61T 61T 1T €T ¢T'1 UedN (Sunox=rt) 03y
9¢€°0 €0 PIS
AN} ce'l  wesIy (oleIN=T) Iopueyn

g i € ¢ T

sorjsLId)ORIRY)) [eUOSIdg Aq D0 g oued

%L6°9 %80°1¢ %BI6'9  %6T'6T  %IT¢ ‘PIS
%8G %IT'C %9T°0-  %IEE  %6E0 UBIN
Lediry orqoR, SUIO  Puluo v

ordureg juy opIM-AWOU0OH

Yimoaxr) uoipduinsuo)) apim-AUIOU0d pue Juy :y [pued

‘uorpdwnsuos orqor], A[YIUOW JO WYILIRGO[ [RIN)RU Ul 9SURYD JO UOIJRIADD
pIepue)s oy} sk poje[nored st Oo dnoid oY) Ul S[RNPIAIPUI [[¢ Suowe Do o3eIlose pojysom [enbs o) se dnoid yoeo 10j Do o) 310dol pur SOIISLIOIORIRYD
reuosiod 101} U0 poseq spenplarpul dnoid oA\ sorysuejoeret reuosiod £q (0.0) Arye[oa [1mo1s uordmwmsuod [eNPIAIPUL JO UOTJRIADD PIRPUR)S PUR UL
[RUOI109S $S0I0 91} sy10dar ¢ [pur “uordwnsuod A[IuoW JO WIHLIRSO] [RINJRU Ul dFURYD S® PaJe[No[ed ST 1mo18 uondumnsuo)) ‘Aparjoadser Aedijy pue
oeqoe], ela pmo1d uonpdwnsuod o1y 310dar om ‘oidures dnoid juy Ino 1oq - PUIUQ), SNUIW [[V, SB Poje[nored sI uordwnsuod Sulfg() -So1Ismels jo
neaIng [RUOIIRN WOIJ oIk suordwmsuod oprm-AmWouodd I0J ®Iep oY, "UIIRN 610g 0} Arenue( 2107 wolj poupd oidures o Surmp mois uorndunsuod
A[qyuowt opIm-£WOU0d9 JO UOIJRIASD PIRPUR)S PUR UROW 9} s3I0dal Y [ouRg "[ImoI8 uordwnsuod ATjuout Jo so1jsige)s Arewwms o) sprodax o[qe) sy T,

pmorx) uorydwinsuo)) uo sd1Isiye)s Arewrwing 1y o[qel,



£6£°8¢ 988°2¢ 000°0S L80°6¥ €6£°'8¢ 988°L¢ 000°0¢ 180°6¥ N

9%0°0 9%0°0 070°0 €070°0 G60°0 9600 980°0 168070 4|
A N X N X N X N A A0
(68°2) (10°¢) (¢ee) (022"
++C080°0 ++68L0°0 +#L92°0" +xCT9T°0- [=[0AR1AN)
(e1'1) (67°0) (€1°0") (07°0)
1220°0 9L00°0 L200°0- ¥610°0 (goueaq #)307
(11'1) (€€°0) (65°0) (ge°0)
600°0 €200°0 £€20°0 8e10°0  (uoryerndod)sor]
(98°7%-) (Lgg) (6£°¢) (82°¢)
w2 170°0" +xx170°0" +4x89TT°0 #xxCLTIT0 (euroouy)3og
(90°¢-) (T¥e) (L0°2) (L12)
*5xG870°0" #xG0€0°0" #x068T°0 #«+8CT°0 (dan)so1
(82°L1) (0g'21) (91°02) (97°0g) (L6:92-)  (6¥'€e-)  (9g8¢-)  (¥0'€e)
wkalCG0  kaCEG0 s €070  xsk009°0 554 €98°07  4kxTIS 0" kSIS0~ x9S 0- (98y)So11
(10°2-) (z0°z-) (¢e0-) (Lz°0-) (vLv1-)  (voor-)  (oLer)  (W67T)
L1000~ 44LTO0- 200°0- 2000~ 4450870 4440610 4450970~ 4440L1°0- o[RS
(g¥°91-) (8T°L1) (9¢'12-)  (28°¢e) (r€°02) (¢1°21) (01°52) (09°61)
w5 160707 s F60°0"  5xx€60°0  4xx860°07 4k TCT'0 440810  sssFCT0  4xxEET0 (D)so1
(66'7-) (e1°¢-) (09°9-) (8L°97) (Le7) (1€°¢) (1£9) (g8°7)
254 VG0°0"  44x9G0°0 544880707 4k PG00 4s4xCG0°0  4kxCVO0 4k PGO0 sk FFO0 20
(8) (2) (9) (g) ) (€) (c) (1)
m.meD ®>EU< mp@mD :< mhme ®>Eo< wm@wD E<<
(rup1y)SoTy (rup1y)SoT

"AoAT)00dsoI1 ‘S[oAd]
%T PUR %G ‘90T IR 9OURIYIUSIS dJOUIP .y PUR ‘. ‘y TOAS[ A0 0Y) JR PAIOIST[D IR SIOLI® PIRPUR)S "DPOJRIIPUL SB 1090 POXY A0 opnoul o\ "ST10%
0} LT0g TeoA woIj (Juoly )30 Ul o3ueld I0] snsal oY) 110dol (8) 09 () sumnjoo pue (JUSI[y )80 I0J synsor oyy 310dor () 04 (T) sSUWN[O)) "OSTMIOY)O
0I9Z pue ‘USZULYQ§ ‘Noyz3ueny) ‘Teysueyq ‘Sulllog I0j auo s[enbs jer)) o[qerres Awrwmnp © St Yorgm ‘T =[9A9[A)L)) I0J [OIJU0D OS[e dA\ ‘SYUR( [RUOIIIPRI) JO
Toqumu pue ‘uoryendod ‘uosiod 1od swooul ‘J(I£) A3 9PNOUL oM ‘SOIISLIIIORIRYD [9AS[-ALID 10, 98 PUR IOPUSS SPN[OUL SOIISLIS)IRIRYD [RNPIAIPUL I8}()
()80 ATauo Ul 9FURYD JO UOIJRIADD PIRPURIS o1} Se PIje[nored sI (O.0) Ae[oa 1mo1d uondwmsuo)) -orqoe], U0 UOIdWMSUOd SUIUO ATIUOUL JO
w)tredo] reanjeu a1y sI ()30 "SO1ISLIDIORIRYD A0 pUR [ENPIAIPUI UO dInsesw uoljdope Yoo ul (Ul agueypD) oY) $soI1301 oA\ ‘[IUOW oFeloAe UR UL
opewr sjueuided Aediy jo Iaqunu Jo wW)LIe30] [eINJeU oY) St Pauyep st yorym ‘((yuo1y)S8o7) uorpdope YITUL] JO SHURUIULIIAP oY) siIodal o[qe) SIYT,

aansesa]\ uoijpdopy Yoo Ul SAIJRUISY JO SJUBRUIULIDGO(] "ZV °O[qelL



£6€'ST £6£'ST £6£'ST £6£'ST £6£'ST £6£'ST 000°0S 000°0G 000°0G N
100 z0°0 100 €0°0 €0°0 z0°0 z0'0 Tg0'0 6000  perenbs-y pajsnlpy
A A A A A A A A A HA £1D
(62°2-) (ze'2-) (869" (96°9-) (L07) (20'%)
#4xG09°07 4446090 ok TIT0™  snen ITT0" #4x€G0°0  4xx€G0°0 (98y)8o1
(8v¥1-) (7971 (8e¥1-)  (68771-) (18°¢1-)  (e87%¢1)
wxxl0G°0 5k [1G°0 #5x960°0"  5xxL60°0 #xx0L0°0" 440,00 o[ewa,]
(68°1) (06°1) (92°71) (9L°71) (07°971) (17°91)
«E70°0 +E70°0 £900°0 £900°0 wxkE70°0 4k €700 (0)801
(06°T-) (60°7) (200) (68°2) 10°0-) (09°7)
*O@N.Ou %**mwﬂ.o 000°0 ***@ﬂ0.0 T00°0- ***ﬁN0.0 Q0
(cTe) (cL0) (1e'1)
+xx8€T°0 900°0 800°0 D0, (yD1V)30T
(¥ac) (¥ ¥1) (08'8) (80°9) (ogL1)  (69°€2) (667) (6871)  (08°91)
319810 sk T0E0  4ss9G0  44x990°0 5448200 5450600 sk OF00 5459500 44489070 (rpry)So
(6) (8) () 9) (g) ) (€) (2) (1)
Mo oIeyS AYSIY oredmoryre g

s)nsoy [0A97 [eNPIAIPU] 'Y [oUe]

"AToA1100dS0T ‘S[OAS] YT PUR UG ‘00T 1R 9OURDYIUSIS dJ0UID 4. PUR ‘yy ‘y "V [dURJ Ul suOrROYIads [opowt
[[® Ul [9A9] AJ10 01} JB POISISTI[D OIR SIOLID PIRPUR]IS PUR POPI[OUL oIR S100[0 PoXY A1) A0 oy} Ul S[NPIAIPUL 10} (FUDI[Y )30 oFeIosr o) S8 poInsestl
st uorpdope YOI Ul [9AS[-A)ID oIoUMm ‘) O[QR], I0] S)Nsol Surpuodsorrod oy} smoys g Pued ‘o[dures mo ur sjunod juowded Aediy Aqjuow [enprlarput
oeIoA® O JO WIJLILGO] [eInjeu o1} ST (YWUDI[Y )30 ‘uonrndope Yoo urq 10j Axoid se (uHIy )30 osn om nq ‘f o[qr], Jo Y [oued I0j symsol Surpuodseliod

o) smoys y [eued ‘remornyred uy -uorydope YOS UL JO SINSESW SAljRUIsj[R Uk sk sjunod juswided Aedry jo wiyjreSo[ [einjyeu o) asn d[qe} SIYJ,

uo1ydopy Y9 ulq JO SOINSBI[\] SAIIRUI)[Y '€V 9[qel,



¥20°0 W00 €200 1€1°0 80°0 1€0°0 6210 6210 880°0
8¢ L8¢ 8¢ L8T L8T L8¢ L8T L8T 8¢
(900)  (620-) (£00) (oro-)  (0g0-) (¢v0)  (8¢'0-)  (L£0°)  (¥8°0°)
700 12°0-  $100 ¥20°0-  92T°0- 8800  THO0- Tvo°0- 180°0-
(&) (200°) (80°1) (8€°0-) (88°1) (81°2)

Tero 9000~ 7€0°0 810°0- +€€0°0  4xE€0°0

(e1°2) (Le'1) (96°2) (67'1) (e€2) (09°2)
FL00 6700 G200 FT0°0 TIT00  4xTT00

(¢6°0) (95°0) (L62) (e¥'2) (880-)  (680-)

820°0 810°0 wrxIP00 xxLE0°0 900°0- 900°0-

(¢L0)  (¢1°07) (61°0-)  (60°T-) (89°0) (020)

€70°0 10°0- 700°0-  920°0- L0070 L00°0

(96¢)  (06°0-) ¥6'7) (ze'1-) (200-)  (¢6°07)
+xxV86°0  SF0°0- #xxG68°0 G200 G00°0- 900°0-

(eT) (80°¢-) (100-)

***Ddeu ***Mh@d- 000

(eL1) (10e)  (69¢) (8¥'2) (69¢)  (0¥2) (L¥¢) (ev°¢) (8¢°%)
AF6T°0 40820  4aF6T0  45F60°0  4480T°0 447200 54xT900  545T90°0  54L90°0
(6) (8) (L) (9) () (%) (¢) (2) (1)

Mo

aIRyg AYSIY oredmonyreJ

porenbs-y
SUOIIRAIISq ()

JUR)SUO))
T=TeA91£31D

(etmoouy)3o]
(uoryendog)3org

(dan)so1

(oueig+#)3so1
(puerg#)S0T, (JDIV)F0T

(DIY)soT

symsoy [0a0 A3D g PuURd



£6£°ST £6£'8C £6€°ST £6£°ST £6€°8T £6£°ST £6£°8C £6€°ST £6£°ST £6€°8T N
19100 65100 09100 6510°0 GST0'0 ¥S10°0 LST0°0 GGT0°0 LST00 96100  porenbs-y pejsulpy
A A A A A A A A A A A 1D
(1got-)  (9v01-)  (L¥o1-)  (¢vo1-)  (6901-)  (19°01-)  (0901-)  (65°01-)  (¥S01-) (1G0T
%**wa.ou *%*wmw.ou **%wadu ***ﬂmw.ou ***ﬂww.ol ***Nww.ou *%*ﬁww.ou **%O@%.Ou ***@mw.ou ***mmw.ol A®m<vaA
(gget-)  (e6ge1-)  (1ger-) (6161 (8991-)  (19°91-)  (¥¢91-)  (e591-)  (b@s1-)  (62°G1-)
2kkSEG0"  4kkBEG0"  skk6EC0"  skk TG0 5ikSLGT0"  4kk8LE0"  4kk89C°0"  4kk698°0"  4kkPGG0- 54 GGC0- o[euIo|
(87°9) (cv'g) (eg79) (zz9) (0g°9) (zeQ) (zev) (€97) (97°9) (9¥°9)
48810 kaSCT'0  4haG8T0  4ha€8T0  5kk€CT 0 4k GTT 0 4hk80T'0  shkOTT'0  5ks8TT'0  kslTT0 (D)8071
(66°T) (e1°2) (00°T) (g8'1) (zL1)
++E6E°0 ++C9E°0 gITo0 #E6T°0 KLFT0 RENGLAG |\
(L2°0) (697) (82°0°) (96°¢) (95°0-) (gz'1) (28°0) (L£72) (09°0) (0g°z)
TE0'0-  44+€8T°0 600~  4x4€9T0  FE00- 6200 €600~ #x650°0 2€0°0- #6700 S0
(€0°0-) (8ev) (e1°0) (L9%) (g¥°0) (9L7%) (1€°07) (087%) (820) (€7'7)
TI0°0- 44x97F0  LTO0 kx0T 0 TCT°0 wkaFOT0 COT0-  wxxlOF0 EPTO +x4887°0 ORIV
(01) (6) (8) () (9) () ) (2) () (1)
1T o[qno(] apnxXy IMOIX) K OX Aolugg JuewrdoPAd (] orseq

"AToA1300dsar ‘s[oao]

9%T PU® %¢C ‘90T 1R 0URIYIUSIS 9J0UIP . py PUR ‘L. SUONIROYIAAS [9POW [[B UL [0AS] AJ10 O} J@ PAIOIST[D IR SIOLD PIRPURIS PUR POPIOUL dIR S100]J0
Poxy £310) "103seAUl yoes I0j (jueoted ut ‘Mo) Lrrpe[oa orjojrrod oY) are so[qeLres Juepuadep oy T, Ajripe[oa uorpdwmnsuoo uo Aeprjoy sutddoys [T o[qnoq
Jo qoedwl oY) 90NPaI 0} [3mM0I3 UOIIdWMSUOD JO UOIIR[NO[RD S} Ul SIOGUISAON 9PN[OXo om ‘((]) pue (6) SUWN[0D U] "AY[eU0sess o) oaowal sd[oy )1 ‘Ieak
15[ o} Ul uor}dwunsuod Yjuouw Jepua[es-owres [Im [IUow UdALS © Jo uonduwmsuod oy} Surredmwod Ag  jmoi8 uorjdwnsuod Iedh uo IedA oY) Se [IMoI3
uonpdwmsuod ondwod om ¢(8) pue (L) SUWN[OD U] “BIRP 9SOUIY)) 1]} I0] POYIOUW UOIIR[NO[RD UOdWNSU0d pIepur)s SUIMO[[O] IO dUO S8 POUI(UIOD dIe
Arenige pue Arenue( ur uorpdwnsuoy) uordwnsuod pauygap-A[MoLIeu 9A1109dSoI 91} JO WIHLIRSO] [RINJRU A[YJUOW UT 93URYD JO UOI)RIAID PIRPUR]S O[] S®
pojemOrRd ‘AJI[Iye[oA 1moIs uordmmsuod spoosd o[qriolus pue ‘quotido(osdp ‘OIse( o1} 1ONIISU0d oM ‘(9) 03 (T) summn{od ur ‘renorpred up "A)[IIRI0A [1MOI3
uonyduwnsuoo jo suorjeoyads aarjeuIa)e 10J (P0) Aqye[oa Ymols uorpdumnsuod uo (Mo) A1re[oa orjojprod Jo s NSl UOISSAISaI 1) SHIIYXD d[qe) SIYT,

ANIye[oA Yrmoiar) uorpdwnsuo)) JO SoInsea\ SAIJRUIdNY ‘FV O[qel



Figure A1l. Online and Offline Consumption in China

Economy-wide online and total monthly consumptions are from National Bureau of Statistics. Consumptions
via Alibaba’s Taobao platform and consumptions paid via Alipay digital payment are aggregated across
50,000 randomly sampled individuals from January 2017 through March 2019.
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Figure A2. Geographic Distribution of Alternative FinTech Adoption Measures

Graph A shows the change in city-level FinTech penetration, calculated as the average AliFrac in 2018 minus
that of year 2017. Panel B shows the geographic distribution of FinTech penetration measured using an
alternative measure of Log(AliCnt). Log(AliCnt) is the natural logarithm of the average individual monthly
alipay payment counts in our sample for a given city.
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Figure A3. Geographic Distribution of Banking Coverage

This figure shows the geographic distribution of banking coverage in each city. We rank all cities in our
sample into percentiles based on number of traditional bank branches. The darker the color, the higher the

traditional bank coverage.
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