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Abstract

This study aims to answer two questions: What determines the adoption and use of mobile
payment? What is the relationship between mobile payment and access to traditional bank
services? By using representative survey data in rural China, we apply a hurdle model with 2SLS
and find that consumers with better access to bank services are more likely to adopt mobile
payment. However, after adoption, the less often the consumers visit banks because of distance
or social constraints, the more they use mobile payment to complement bank services. Younger,
better educated households with higher income and more smart phones are more likely to adopt
and use mobile payment. Among these characteristics, age has the largest marginal effect while
income has the least. Households in the agricultural sector are least likely to adopt and use
mobile payment. We also find that awareness of neighbors’ use of non-cash payment has a
substantial positive effect.
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1. Introduction
Mobile payment has gained popularity in recent years for making in-person or online

payments and money transfers. It lowers transaction costs, boosts business activities, and extends
financial services to the under-served consumers and communities. This study conducts
empirical research to answer two crucial questions: What determines mobile payment adoption
and usage? What is the relationship between mobile payment and bank service access?
Due to a lack of data, most related research had to conduct small-scale online or phone

surveys1 with an average of 500 responses. These surveys have technical shortcomings. First, the
sample size of these surveys is too small, and the response rate is often too low, which raises
doubts over their representativeness. Second, these surveys were conducted online or by phone,
limiting the length of questionnaires and constraining the scope of studies. Third, the answers
collected online or by phone might be vulnerable to errors and bias.
This study analyzes a large-scale survey of more than 4,000 representative households in rural

China. We use the well-designed “Qian Ren Bai Cun” survey conducted by students and
faculties of Renmin University of China in summer 2019. It covered 128 villages in 31 provinces
in China. Most importantly, the novelty of data is the information about the adoption and
perception of mobile payment and access to bank services. Contrary to the existing studies on the
adoption of mobile payment, we analyzed a full set of financial and demographic information of
households, rather than focusing only on consumer behaviors.
This paper provides two sets of major findings. First, it investigates who are more likely to

adopt and use mobile payment. Given abundant zeros in the responses to mobile payment usage,
we apply a hurdle model in probit and OLS settings. In this two-part model, first, we treat
positive responses as 1 and examine what affects a household’s adoption decision.
Subsequently, we focus on positive responses and check the factors that contribute to how

much they use it. As expected, we find that when the head of household is younger, better
educated, earns higher income, or owns more smart phones, the household is more likely to
adopt and use mobile payment. Age plays the largest role: if a head of household is 20 years
younger, the probability of adoption and the share of expenditure paid by smart phones would on
average increase 18.7 and 8 percentage points respectively. Surprisingly, the marginal effect of
increasing family income is modest. For a “typical” household with median values of all
characteristics, the effect on adoption of owning one more smart phone is equivalent to that of
doubling the household income. After considering occupation, we find that people from several
sectors, such as manufacturing and transportation, seem to be more likely to adopt mobile
payment, but this effect disappears after controlled for household characteristics, especially
family income. One exception is people working in the agricultural sector who are less likely to
adopt and use mobile payment, even after including controls. In addition, we hypothesize that
people immigrating to urban areas for work (but with Hukou in rural areas) would contribute to
higher adoption and more usage of mobile payment by their families staying in rural areas.
However, our results do not support this hypothesis. Furthermore, we exploit a survey question
about how people perceive the adoption of noncash payment in the neighborhood and find that
people who are more sensitive to their neighbor’s usage are 16 percentage-points more likely to
adopt mobile payment and pay 6 percentage points more of their expenditure by smart phones,
confirming the effects of awareness and social externalities in literature on consumer behaviors.

1 For example, Junger and Mietzner (2020) surveyed 643 households in Germany and received 324 effective responses;
Amoah, Korle, and Asiama (2020) gathered data from 733 households in Ghana.
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Second, the study finds a both promoting and complementary relationship between mobile
payment and bank services. To deal with the endogeneity between the adoption of mobile
payment and the frequency of visiting banks (which is a proxy for the access to bank services),
we apply two instruments: the distance to the nearest bank branch or ATM and the village
average of bank visit frequency (except for the household i). We find that the more often people
visit banks, the more likely they are to adopt mobile payment. However, for those who have
already adopted mobile payment, their usage would increase if they visit banks less often. A
complementary effect could explain this: when people visit banks less often due to distance (the
average in our sample is 3–10 km) or social reasons, they tend to switch —using mobile payment
to shop, transfer money, or pay bills.
This paper contributes to the literature in three ways. First, it is among the first to investigate

mobile payment in relation to bank services. Most of the existing research has focused on
FinTech lending and found that FinTech filled the credit gap left by banks and improved
financial access, especially for underserved borrowers (e.g., Ahmed et al., 2015;
Chen, Hanson, and Stein, 2017; Schweitzer and Barkley, 2017; Jagtiani and Lemieux, 2018;

Buchak et al., 2018). However, Tang (2019) indicated that the credit boom by P2P lenders
occurs among those who already have access to bank credit. Our study finds a similar
complementary pattern in payment services.
Second, this study is among the pioneers to investigate socio-demographic determinants of

mobile payment adoption and use. Previous studies on payment choice have focused on
traditional payment methods. A series of Federal Reserve papers investigated customers’ choice
of payment among cash, check, credit card, and debit card and found that age, education, income,
race, and other socio-demographic attributes explained most of the variation (e.g., Schuh and
Stavins, 2011; Stavins, 2016; Koulayev et al., 2016; Stavins, 2017). In particular, they found that
disadvantaged groups rely more on cash, which is consistent with our results that older, poorer,
and less educated people are left behind when adopting new payment technology.
Much of the emerging literature on socio-demographic determinants of mobile payment

adoption relied on small survey samples and applied relatively simple analyses. Junger and
Mietzner (2020) conducted a principal component analysis on 324 questionnaires in Germany
and found that households with lower trust in financial institutions, better financial education,
and preference for transparency tend to adopt FinTech. However, their dependent variable is a
household’s intention to switch from a bank to a FinTech, not actual adoption or usage, and they
did not distinguish among the types of FinTech services. Crabbe et al. (2009) analyzed a survey
of 271 people in Ghana and suggested that age, education, and banking experience significantly
influence mobile banking adoption, while gender, income, and occupation do not affect the
adoption but play a significant role in the “sustained usage,” which was not specifically defined
in the paper. While Crabbe et al. (2009) only conducted ANOVA tests to distinguish differences
in those factors between users and non-users, our study contributes to the research by quantifying
not only the usage but also the marginal effects in both stages of adoption and use.
For factors contributing to the mobile payment adoption, most studies (e.g., Khalilzadeh,
Ozturk, and Bilgihan, 2017; Kim, Mirusmonov, and Lee, 2010; Schierz, Schilke, and Wirtz,

2010) focus on consumer intentions, not socio-demographic factors. The most commonly applied
models are the unified theory of acceptance and use of technology (UTAUT), the technology
acceptance model (TAM) (Davis, 1989), and diffusion theory (Rogers, 2010). They focus on
user-related factors, such as personal innovativeness, related knowledge, perceived risk and trust,
and product-related factors, such as convenience, cost, compatibility, network externalities, and
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reachability. This paper also extends the results of related studies (e.g., Qasim and Abu-Shanab,
2016; Noor, 2011; Gichuki and Mulu-Mutuku, 2018) by examining the effect of awareness of
neighbors’ non-cash payment adoption and use, an intersection of customers’ awareness and
network externalities.
Third, while most research on smart phone technology-enabled money transfer has focused on

low-income countries (e.g., Beck et al., 2018; Jack and Suri, 2011; Jack and Suri, 2014), such as
Kenya, this study investigates the case in less developed areas in China, a middle income country.
Unlike low-income countries that have a large portion of population unbanked, households in
rural China have a high rate of bank account ownership. However, their financial needs,
especially payment and transfer, remain underserved, partly due to geographic and cultural
reasons. Our finding that mobile payment could fulfill consumers’ underserved needs for
financial payment provides implications for less developed areas in middle-income and even
advanced countries.
The rest of the paper is organized as follows. Section 2 introduces the development of mobile

payment and the financial inclusion in China. Further, Section 3 describes the data and
identification strategy, and Section 4 discusses the results. Finally, Section 5 concludes.

2. Background
2.1 The Rapid Development of Mobile Payment in China
Mobile payment is a broad term for the smart phone-enabled payment method. It refers to the

use of mobile devices, such as smart phones, tablets, or laptops, to make in-person or online
transactions. To make mobile payments, one needs to first set up a mobile wallet with the user’s
debit or credit card information. A mobile wallet is a smart device application that stores the
user’s card information securely. The common mobile wallets in developed economies include
Apple Pay, Google Pay, and Samsung Pay. However, in China, 94.4% of the market shares were
owned by Wechat Pay and AliPay2 as of the second quarter of 2020, which leads to several key
attributes in the definition of mobile payment in China.
First, the function of mobile payment in China is not limited to paying. Wechat Pay and

AliPay are like a combination of Apple/Samsung Pay, Paypal, Venmo/Zelle, and other FinTech
applications. They can facilitate not only in-person purchases in supermarkets, restaurants, retail
stores, public transportation, etc., but also person-to-person (P2P) transfers, online shopping,
utility payments, ticket reservations, money market funds, and other functions. In this paper,
banking applications are not included in our definition of mobile payment.
Second, Wechat Pay and AliPay use a different technology to facilitate payment. Apple Pay,

Samsung Pay, and others mostly rely on near-field communication or magnetic secure
transmission, which facilitates contactless transactions when users bring smart phones close to
the point-of-sale devices. Wechat Pay and AliPay use the quick response (QR) code that requires
consumers or merchants to scan the counterparty’s QR code to complete transactions, either
online or in person.
China is the largest market for mobile payment with more than 854 million users in 2020.

According to the People’s Bank of China (PBoC), financial institutions processed more than
123.22 billion mobile payment transactions with 432.16 trillion CNY in 2020, increasing 21.48%

2 Based on Alibaba and Taobao, AliPay is the pioneer in mobile payment in China. In 2014, Wechat launched the function of
“red pocket” and quickly penetrated the market. In 2016, Apple Pay and Samsung Pay entered the Chinese market, and later Mi
Pay and Huawei Pay also joined in the competition. Nevertheless, their market share is small.
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and 24.5% from 2019 respectively. According to a survey in It’s time for a consumer centred
metric: introducing ‘return on experience.’ (2019), more than 86% of consumers in China have
been using mobile payment in their daily consumption. This rapid growth is driven by the
increasing ownership of smart mobile phones, declining cost of mobile data plans, fast
development of related technologies, and increased spending capacity of consumers. The
remaining 14% of non-users are mainly in rural areas, which is why our study focuses on rural
residents.

2.2 The Financial Inclusion in Rural China
Mobile payment is an important means of financial inclusion. World Bank defines financial

inclusion as “individuals and businesses [having] access to useful and affordable financial
products and services that meet their needs – transactions, payments, savings, credit and
insurance – delivered in a responsible and sustainable way.” However, in the context of rural
China, the major obstacle for financial inclusion is the unfulfilled need for payments and
transactions, which fundamentally influences the need for credit and other financial services (Bai
et al., 2018).
On the one hand, according to the 2017 Global Findex report, about 85%3 of households in

rural China own at least one bank account,4 which is higher than the average of G20 countries.
On the other hand, 15%5 of respondents who have bank accounts never deposited or withdrew in
the previous year, which might be due to a lack of physical accessibility to bank branches, ATMs,
or banking agencies in rural China. Although, at an aggregate level, China has more than 126.6
thousand banking outlets in remote areas, according to PBoC as of the end of 2020, the number
of banking outlets per capita in China is less than that in many developing countries, such as
Kenya, Peru, and Bangladesh. Worse, some banking agencies do not provide certain services,
such as opening an account. This issue is also reflected in our survey data: for rural residents, the
median frequency of visiting a bank is twice per year, and the average distance to the nearest
banking outlet is 3–10 km.
Mobile payment could be influential in solving the problem of financial inclusion in China.

First, according to the 2017 Global Findex, 97% of Chinese respondents reported that their
household has at least one smart phone, which is the highest among other countries. However,
only 70% claimed to have Wi-Fi coverage at home, according to the 2019 Gallup World Poll.
This implies that the widespread adoption of smart phones could overcome the obstacle of
installing Wi-Fi in remote areas and facilitate easy connection with the Internet that would allow
for the use of mobile payment. Second, having a bank account enables rural residents to connect
their accounts to Wechat Pay or AliPay to facilitate digital payments or transfers. Furthermore,
Zhao, Wu, and Guo (2022) found that mobile payment substantially improves rural household
consumption by reducing transaction costs, easing liquidity constraints, and decreasing mental
accounting loss.

3 The percentage of adults owning at least one bank account in rural China is 78%, and 32% of unbanked adults reported that
they do not have an account because family members have them. Therefore, we can calculate the percentage of households with
at least one bank account.

4 For the households that do not have any bank account, 60% cited the reason as insufficient funds to deposit or transfer,
which is more related to poverty than financial inclusion, although financial exclusion would also cause poverty.

5 This percentage reported by the 2017 Global Findex is for urban and rural respondents in total, and the percentage for rural
sample only should be higher.
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The demand for both credit and insurance is incredibly low in China. According to the 2017
Global Findex, Chinese consumers’ demand for borrowing, especially bank loans, is among the
lowest in world, with only 8% of rural respondents claiming to have borrowed from a regulated
financial institution. The low demand for insurance is partly because approximately 97.6% of
rural residents are covered by a social, medical insurance system, according to the Sixth National
Health Services Survey in 2021. Therefore, this paper emphasizes the function of payment and
money transfer, which is more fundamental in terms of financial inclusion.
The rural residents’ lack of interest in applying for loans is also found in our data. In the

survey, one question asked about loan application experience, and about half of the respondents
did not answer it. Among the effective responses, 70.8% had never considered applying for loans,
and 10.5% had considered but never applied. Among 432 households that had applied for loans,
84.7% successfully secured the loans from either commercial banks and credit unions or micro-
finance organizations. Surprisingly, regardless of whether households applied for loans, they
share similar characteristics, except that those with loan application experience have slightly
higher mobile payment adoption rates. Similarly, irrespective of whether the loan was
successfully secured, household characteristics are not distinctly different, except for successful
loan applicants having relatively higher income, more number of mobile phones, and higher
mobile payment adoption rate. Table A.2 summarizes the statistics for each group.

3. Data and Methodology
3.1 Data Sources
The “Qian Ren Bai Cun” survey has been conducted annually since 2012. Each summer,

students and faculties from Renmin University of China visit the sampled villages and collect
information concerning agricultural production, land resources, education development, medical
services, social organization, and household income and financing.
The survey sampling process was designed adequately to ensure that surveyed households are

representative. First, counties were selected based on probability proportional to the size
sampling method that uses demographic and economic information to cluster. Second, villages
were randomly selected from the pre-selected counties. Finally, three or four students formed a
group and selected certain households in a village by applying distance sampling or spot
mapping.
The survey used in this study was conducted in summer 2019,6 which covered 128 villages in

31 provinces, as shown in Figure 1. Although this survey was not originally designed to study
mobile payment, the questions covered various aspects of rural life and thus provided useful
information to answer our research questions.

6 We cannot construct panel data by adding more surveys from previous years, owing to the changes in survey questions and
the concern regarding the rapid growth of mobile payment adoption in rural China.
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Figure 1: The Surveyed Villages

Note: The 100 red dots are villages which were selected and actually surveyed; the 41 green dots represent
villages which were selected but not surveyed; the 28 blue dots refer to villages which were not selected but
actually surveyed. Although the survey teams tried to adhere to the original plan, due to the actual travel and
funding constraints, the choice of villages was at the discretion of the survey teams and the alternatives were
usually equivalent to the original ones.

On average, residents in rural China paid about 20% of their expenditure by smart phones.
However, approximately 60% of respondents did not use mobile payment at all (Figure 2).
This result is close to the survey results of World Bank: according to the 2017 Global Findex,

about 44% of rural respondents in China used online shopping and online bill payment services
in the previous year. Therefore, this study uses a two-part Hurdle model to accommodate these
zeros.

3.2 Hurdle Model
For data with a large portion of values at zero, “zero-inflated,” common solutions are the Tobit

model and its less restrictive variation—the Hurdle model (Cragg, 1971 and Duan et al., 1983).
We move beyond the Tobit model because it assumes that the adoption and usage decisions are
governed by a single mechanism, while the Hurdle model allows different mechanisms7 which is
more suitable for our case. Particularly, our data does not have a sample selection issue because
the zeros in the responses are actual values, not censored or missing. In a sample selection
environment, the outcome of the selection variable (whether to adopt mobile payment) should
not restrict the outcome of response (how much expenditure by mobile payment), which does not
hold in our case because not adopting mobile payment would rule out any usage of it.
Nevertheless, for comparison, various model specifications and alternative models, such as type
II Tobit model, are tested and discussed in the section on robustness check.

7 Wooldridge (2009) provided detailed discussion on this issue.
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Figure 2: The Histogram of Percentage of Expenditure Using Mobile Payment

Note: This figure plots the number of responses to the question on what percentage of expenditure was paid by
mobile payment in the past month. About 60% of responses in our sample are zeros.

In the first step of the Hurdle model, all positive responses are fixed at 1, and a probit
regression is applied to study the factors that influence a household’s decision regarding mobile
payment adoption. The second part focuses on only positive usage and studies the factors that
promote a household’s mobile payment usage.
In the first step, we estimate the following probit model on the entire sample for the adoption

decision:
P(sv,i = 1|Zv,i) = φ(Zv,i;υv), (1)

where sv,i is a binary variable equal to 1 if household i at village v has non-zero spending by
mobile payment; Zv,i is a vector of household characteristics, including the key variable—
access to banks, age, education, family income, number of smart phones, awareness of
neighbors’ adoption, type of occupation, child’s highest education, whether having savings or
houses for retirement, and share of medical expenditure.
In the second step, we estimate mobile payment usage, conditioned on mobile payment

adoption, by the following OLS regression:

yv,i = υv + βXv,i + µv,i, (2)
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where yv,i is the non-zero percentage of expenditure by mobile payment for household i at
village v, Xv,i is a vector of household characteristics of users only, and µv,i is assumed to have
a truncated normal distribution.8
Note that we do not need to estimate the inverse Mills ratio as in a Tobit model, therefore the

exclusion restriction (i.e., X to be a strict subset of Z.) is not necessary. In spite of that, xv,i
includes only the first six factors of zv,i to facilitate an easier comparison with the Tobit results
in Table E.9. In both steps, we include the village fixed effect υv, and the standard deviations are
clustered at the village level.

3.3 Instrumental Variables
To proxy the key variable—access to bank services, we use the frequency of household i in

village v visiting a bank branch or ATM. To include this variable in the model, we assume that
one who is more exposed to bank services would be more financially educated and thus more
likely to adopt new financial technologies. One possible endogeneity problem is reverse
causality—how often a household visits banks could also be affected by how much it uses
mobile payment. For example, if one family starts using AliPay to pay utility bills, they do not
need to visit a bank to pay bills.9
To generate sufficient exogenous variation in households’ frequency of visiting banks, we use

two instruments: the distance to the nearest bank branch or ATM and the average frequency of
visiting banks in each village (except for household i). The former seems irrelevant to whether a
customer adopts and uses mobile payment, unless by affecting how often they visit banks. The
latter can only contribute to one’s adoption of mobile payment through influencing one’s habit of
visiting banks. This can be understood as a cultural or social norm. Therefore, we supplement
equation (1) and (2) with the first-stage regression:

Frequencyv,i = υv + πCharv,i + βdDistancev,i + βaAveragev,i + ωv,i, (3)

where Distancev,i is the distance to the nearest banking outlet from household i in village v,
Averagev,i is the average frequency of visiting banks in village v except for household i, and
Charv,i refers to household characteristics.

3.4 Summary of Statistics
Table 1 and 2 summarize the number of observations and the percentage in each category of

demographic factors for mobile payment adopters and all respondents. Except for the percentage
of mobile payment usage, total and per person number of mobile phones, the number of family
members, and the share of medical expenditure, all other variables are ordinal. Table A.1
provides details about survey questions.
Out of 4,414 effective responses, 2,705 households (about 61%) reported not using mobile

payment. These non-users, on average, are older and less educated than mobile payment users
and have one or no smart phone and earn about CNY 20,000 or less. However, their bank access,
proxied by the distance from their home to the nearest bank and the frequency of visiting banks,

8 Because the positive part is not over-dispersed. The results from the lognormal model are considerably similar, as shown in
Table 7.

9 A common offline way to pay utility bills is to visit a bank and pay through a bank service.
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is not worse than that of mobile payment users. Their awareness of non-cash payment adoption
in the neighborhood is also not lower than that of users.
As the relationship between age and the adoption of mobile payment might not be linear, we

transform the age data into ordinal. The average age of the survey respondents is about 55 years,
which reflects the widely discussed phenomenon that most young people in rural China move to
work in urban regions. This fact could explain the abundant zeros in the response for mobile
payment usage as the elderly are left behind in rural areas (and responded to the survey), and
they are naturally slow to adopt new technologies.

Table 1: Demographic Profile of Mobile Payment Adopters
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*: The original direction of ordering in the frequency of visiting banks is reversed. We deleted 11 households
who reported 0 smart phones but at the same time using mobile payment, probably due to misunderstanding
the survey question.

Table 2: Demographic Profile of Mobile Payment Adopters (Continued)

**: The average exchange rate of CNY to USD in 2019 is around 6.9.
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4. Results
4.1 What Affects the Adoption and Usage of Mobile Payment?
In Table 3, panel (a) shows how household characteristics affect a household’s mobile

payment adoption and panel (b) presents how household characteristics affect how much of
spending is paid by smart phones.
A household is more likely to adopt mobile payment and use it more if the head of household

is better educated (column 1), younger (column 2), has a strong awareness of neighbors’
adoption of non-cash payment (column 4), if the family is richer (column 3) or has more smart
phones (column 5). The results are also robust in a multivariate setting (column 8).

4.1.1 Learning Effects
The increasing ownership of smart phones in developing countries has provided poor

households more access to online financial services. Our finding also reiterates that the more
smart phones a household owns, the more likely they are to adopt mobile payment and to use it.
This conclusion holds, especially for adoption decisions, after dividing the total number of smart
phones into the number of smart phones per person (column 6) and the number of family
members (column 7). The number of smart phones per person is a proxy for the exposure of one
person to online information and financing opportunities, while the number of family members
represents an effect of learning within a household. The former has larger coefficient for both
adoption and usage, implying that exposure to online information is more crucial. The results are
also robust in a multivariate setting (column 9).
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Table 3: Household Characteristics

This table reports the effects of household characteristics on mobile payment adoption and usage decisions. In the adoption part,
the specification is a probit model and the dependent variable is an indicator which equals 1 if adopting mobile payment and 0
otherwise. In the usage part, the specification is an OLS model and the dependent variable is the percentage of expenditure paid
by mobile payment in the previous month and it only includes positive numbers. The household characteristics include education
level, age group, family income, awareness of neighbors’ adoption of non-cash payment, total number of smart phone, number of
smart phone per person, and number of family members. We control for child’s highest education level, savings or house for
retirement, and medical expenditure share of total spending in the first part. In both parts, we control for village fixed effect and
all standard deviations are clustered at the village level. The t-statistics are reported in parentheses. Asterisks denote significance
levels (***=1%, **=5%, *=10%).

4.1.2 Awareness of Adoption of Non-cash Payment in the Neighborhood
A unique question in the survey is about the perception of neighbors’ adoption of non-cash

payment, including mobile payment and credit or debit-card, which asks respondents to rate
whether their village “totally accepts,” “generally accepts,” “generally not accepts,” or “totally
not accepts” non-cash payment. Using this variable, we can construct a dummy variable—
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awareness of adoption—to distinguish “sensitive” and “insensitive” groups. “Sensitive”
individuals are those who rated the overall acceptance higher than the actual level. For example,
if a respondent rated the neighborhood “totally accepting” of non-cash payment but their village
only “generally accepts,” then they are classified as “sensitive.” As no village 100% accepts or
rejects non-cash payments, we define a village as generally accepting if more than 50% of
respondents are adopting non-cash payments and as generally not accepting if less than 50%
respondents are adopting non-cash payments. The results also hold for grouping under different
cutoff points.
In our sample, 2302 respondents (more than 83%) are “sensitive” and 462 are “insensitive”.

“Sensitive” respondents are more likely to adopt and use mobile payment, as shown previously
in Table 3, confirming the results in many consumer behavior studies that consumers’ awareness
is positively correlated with adoption of new technologies. Moreover, this awareness of
neighbors’ adoption behavior is a novel intersection of perception and network externalities.
To further investigate the difference between “insensitive” and “sensitive” respondents, we

calculate the difference of group mean for key variables, shown in Table 4. The “sensitive”
respondents who have more awareness regarding the non-cash payment activities in the
neighborhood tend to use smart phones to pay a larger portion of their expenditures. They are
younger and better-educated. They have a higher income, own more smart phones and visit
banks more often.
However, the distance from home to the nearest banks is not different in the two groups.
This implies that the physical location of financial institutions is less important than the

frequency of visiting them, or the actual financial access, in affecting people’s awareness of
FinTech. Arguably, the number of banking outlets in a community might not be a proper proxy
for financial availability, which is commonly used in finance literature.

Table 4: “Sensitive” vs “Insensitive” Respondents

This table shows the comparison between “sensitive” and “insensitive” households. The definition of “sensitive” is that a
respondent’s perception of non-cash payment acceptance is higher than the actual level, otherwise “insensitive”. Compared
variables are the average percentage of expenditure paid by mobile payment, the average frequency of visiting banks, the average
distance to banks, the average number of mobile phones in household, the average level of education, the average age group, and
the average family income level. The difference between the two group averages is calculated and t-test is conducted to test the
null hypothesis of zero differences. Asterisks denote significance levels (***=1%, **=5%, *=10%).

To further present the associated factors, we use a Blinder-Oaxaca decomposition to analyze
the extent to which the household characteristics can explain the gap of adoption and usage of
mobile payment by the two groups, as shown in Table B.4. The differences in all the listed
household characteristics can explain about 60% of higher mobile payment adoption rates by
“sensitive” consumers. As to their higher mobile payment usage than “insensitive” consumers,
only 25% can be explained by household characteristics, mainly by the younger age of the
“sensitive” group.

4.1.3 Farmers Left behind
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In Table 5, we complement the previous analysis with information about households’ income
source: agriculture, working in urban areas, manufacturing, construction, transportation, hotels
and restaurants, real estate, and others. Notably, many families have multiple income sources,
and most rely on income from agricultural products (63.75%) and salary earned by family
members working in urban areas (47.52%). People working in the agriculture sector do not use
mobile payment or use less than those in other sectors (row 1). This effect is highly significant
even after controlling for household characteristics.
Although people working in manufacturing (row 3), construction (row 4), transportation (row

5), hotels and restaurants (row 6), or urban areas (row 2) seem to be more likely to adopt mobile
payment (column 1), the effects are eliminated by controlling for household characteristics
(column 2), which is mainly driven by the income level10.
Generally, we would hypothesize that families with members working in urban areas are more

likely to adopt mobile payment, partly because its penetration rate is extremely high in urban
areas and partly because the learning effect implies that those who have learned how to use it
would like to teach their family members. However, our results (row 2) do not support this
hypothesis: after controlling for household characteristics, the coefficients become statistically
insignificant (column 2).
Similarly, in the usage part, occupation does not affect how much people use mobile payment

(column 3 and 4), except for agriculture (row 1). For a mobile payment user in the agricultural
sector, the share of total expenditure paid by smart phone is on average about 6 percentage points
lower than that of users in other sectors. In a Blinder-Oaxaca decomposition analysis in Table
B.3, we find that the differences in household characteristics can explain about 40% of farmers’
lower adoption rate, which is mainly driven by lower income and education level. However, for
the lower usage by farmers, the household characteristics can only explain 23% that is solely
driven by the lower education level. Some latent factors related to agricultural households
prevent them from adopting or using more mobile payments, which requires further research in
the future.

10 We also tried to add interaction terms of professions and household characteristics, but they are not statistically significant.



16

Table 5: Adoption and Usage of Mobile Payment by Occupation

This table reports the effects of occupation on mobile payment adoption and usage decisions. In the adoption part, the
specification is a probit model and the dependent variable is an indicator which equals 1 if adopting mobile payment and 0
otherwise. In the usage part, the specification is an OLS model and the dependent variable is the percentage of expenditure by
mobile payment in the previous month and it only includes positive numbers. The % column shows the percentage of households
having income from diff erent sectors. Note that most households have more than one income sources, so the sum exceeds 100%.
We control for the household characteristics, including education level, age group, family income, total number of smart phones,
and awareness of non-cash payment adoption in column (2) and (4). We also control for child’s highest education level, savings
or house for retirement, and medical expenditure share of total spending in column (2). We also control for village fixed eff ect
and all standard deviations are clustered at the village level. The t-statistics are reported in parentheses. Asterisks denote
significance levels (***=1%, **=5%, *=10%).

4.1.4 Average Marginal Effects
Figure 3 shows the average marginal effects of household characteristics on the adoption and

usage of mobile payment, based on results in Table 5. Age affects adoption and usage most,
while the awareness of neighborhood’s adoption has the second largest influence. For rural
residents with strong awareness, they are on average 16 percentage points more
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Figure 3: The Average Marginal Effects of Household Characteristics on The
Adoption and Usage of Mobile Payment

Note: This graph is calculated from the results in Table 5. The blue solid columns represent the average marginal effects of
different household characteristics on the probability of adopting mobile payment, and the blue patterned columns refer to the
marginal effects on the percentage of expenditure paid by mobile payment. The former is for the entire sample, while the latter
focuses on mobile payment users only. The 95% confidence intervals are also presented.

likely to adopt mobile payment and, after adopted, would use it to pay 6 percentage points
more expenditure than those with weak awareness. As the third largest factor, working in
agriculture sector would on average lower the probability of adopting mobile payment by 7.9
percentage points and for adopters, their usage is 6 percentage points less than those of
households in other sectors.
To have an intuitive interpretation of the marginal effects of the categorical household

characteristics, we consider a “typical” rural household to have an income of 30–40 thousand
CNY (USD 5,797), come from agriculture sector (at least partially), own 2 smart phones, have a
40–60-year-old head of household with middle school education, and have strong awareness of
non-cash payment usage in the neighborhood. The probability of such a family adopting mobile
payment is 23.05% and, once adopted, they would use it to pay 37.75% of the total expenditure.
Age plays a crucial role: if this “typical” head of household is not in their 40–60s but 20 years

younger, with other factors unchanged, the adoption probability would more than doubled to
54.81%; if s/he is under 20, the chance would further jump to 83.62%. If this “typical” rural
resident is in their 20–40s and adopts mobile payment, then s/he tend to pay almost half (46.14%)
of their expenditure by smart phone, and if s/he is under 20, the share would increase to 54.54%.
Education is another key factor. If the “typical” head of household gains a bachelor’s degree,

this family’s probability of adopting mobile payment is 60.21%, and a graduate degree would
further boost the chance by more than 9 percentage points. However, for mobile payment users,
the impact of education level on usage is relatively limited. Earning one more degree could only
expand the share of expenditure paid by smart phone by 2.3 percentage points, similar to the
effect of owning one more smart phone (2.5 percentage points).
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Surprisingly, the effect of owning more smart phones is stronger than that of improving
income. If this “typical” family buys 1 more smart phone to own 3 in total, then the probability
of adoption would increase to 27.25%. This effect is similar to that of almost doubling the
income of this “typical” household to 60–70 thousand CNY (USD 10,145), which would only
improve the chance to 27.91% and grow the usage by about 5 percentage points. If this
household buys 3 more smart phone to own 3 in total, then the probability of adoption would
boost to 36.65%, equivalent to the effect of more than tripling the income.

4.2 Mobile Payment vs. Access to Bank Services
A key hypothesis of this paper is that mobile payment adoption is affected by access to bank

services, proxied by the frequency of visiting banks. However, there is a possibility of reverse
causality. To deal with the potential endogeneity issue, we use two instrumental variables:
distance to the nearest bank branch or ATM, and the average frequency of visiting banks in each
village. A household may visit banks less often because of the long distance to the nearest bank
or some social norms in the village.
Table 6 presents 2SLS estimates for frequency of bank visits. We find that the more often a

household visits banks, the more likely they would be to adopt mobile payment (column 2).
Interestingly, after adopting mobile payment, the less often they visit banks, the more they would
use mobile payment (column 4). When deciding whether to adopt mobile payment, visiting
banks is a promoting factor. One explanation is that consumers are exposed to financial services
and products when they visit banks. Frequent bank visits lead to better financial literacy and
more openness to new financial technologies. After adopting mobile payment, there is a
complementary effect between bank services and mobile payment. The amount of usage is
determined by the level of convenience. When it is not convenient to visit a bank due to either
long distance or social norms, consumers use smart phones to buy groceries, transfer money, or
pay bills.
The two IVs perform considerably well, although distance to bank is slightly less significant.

The exogeneity of frequency of bank visits is rejected for both cases, indicating that inclusion of
IVs is necessary. The instruments are jointly highly significant with large F-statistics and
therefore they are less likely to be weak instruments. To test the overidentification of IVs, we
conduct Amemiya-Lee-Newey and Sargan-Hansen test for adoption and usage respectively. The
results imply that we do not reject the null hypothesis of both instruments being exogenous.
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Table 6: 2SLS Estimates for Frequency of Bank Visits

This table reports both estimated coefficients for probit/OLS and the second-stage of 2SLS on financial access which is proxied
by the frequency of visiting banks. Two instruments are the distance from home to the nearest banking outlets and the village-
level average frequency of visiting banks except household i. In the adoption part, the specification is a probit model and the
dependent variable is an indicator which equals 1 if adopting mobile payment and 0 otherwise. In the usage part, the specification
is an OLS model and the dependent variable is the percentage of recent expenditure by mobile payment and it only includes
positive numbers. We control for household characteristics and village fixed effect and all standard deviations are clustered at the
village level. The t-statistics are reported in parentheses and asterisks denote significance levels (***=1%, **=5%, *=10%).
Diagnostic tests are conducted and test statistics and p-values are reported. For endogeneity of instrumented variable, Durbin-
Wu-Hausman test is conducted and the null hypothesis is that frequency of bank visit is exogenous. The null of F test is that IVs
are jointly equal to zero. To test overidentification, Amemiya-Lee-Newey/Sargan test are conducted for probit and OLS
respectively, and the null hypothesis is that all instruments are exogenous.

4.2.1 Marginal Effects
To demonstrate the marginal effects of access to banks, we again consider a “typical” rural

household with an income of 30–40 thousand CNY, 2 mobile phones, a 40–60-year-old head of
household with middle school education, strong awareness of non-cash usage in the
neighborhood, and visiting a local bank branch or ATM twice a year. Figure 4 shows the
marginal effects of access to banks on the adoption and usage of mobile payment for such a
“typical” rural household.
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Figure 4: The Marginal Effects of Bank Access on The Adoption and Usage of
Mobile Payment for A Typical Household

Note: This graph is calculated from the results in Table 6 based on a typical rural household. The blue solid line represents the
marginal effects of bank access on the probability of adopting mobile payment (left axis), and the red dash line refers to the
marginal effects of bank access on the percentage of expenditure paid by mobile payment (right axis). The former is for the entire
sample, while the latter focuses on mobile payment users only.

For this “typical” household, increasing the frequency of bank visits to once per month or
more would raise its probability of adopting mobile payment from 24.2% to 28.86%; for the
“typical” user, the percentage of expenditure paid by smart phones would decline from 40.53%
to 36.33%.
If this “typical” household almost never visits banks, the adoption probability would drop to

19.98%, but for the “typical” user, the percentage of expenditure paid by smart phones would
expand to 44.74%. A complementary effect could explain this: when people visit banks less
often due to distance (the average in our sample is 3–10 km) or social reasons, they tend to
switch to a more convenient way—using mobile payment to shop, transfer money, or pay bills.

4.3 Robustness Check
We test the exponential type II Tobit model, one version of the Heckman model. Although it is

commonly used for missing data or sample selection problems and our data does not have an
actual selection issue, we use it to obtain a flexible corner solution. Table E.9 show that ρ is not
statistically significantly different from zero which confirms that the inverse Mills ratio is not
necessary in the model. Furthermore, Table 7 reports results from a lognormal Hurdle model
which are not considerably different either.
Due to the dramatic demographic and economic difference between the east, middle, and west

regions11 of China, we run regressions separately to explore the regional heterogeneity and the

11 Our classification follows that of the National Bureau of Statistics of China. East region includes Hebei, Liaoning, Jiangsu,
Zhejiang, Fujian, Shandong, Guangdong, Hainan, Shanghai, Beijing, and Tianjin. Middle region includes Shanxi, Jilin,
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results are listed in Table C.5. Although the distribution of mobile payment adoption is similar in
the east, middle, and west regions of China: the percentage of zeros in responses is 58%, 65%,
and 61%, respectively. Generally, east China enjoys more advanced economic development and
higher levels of financial digitalization. East China accommodates the headquarters of both
Alibaba and Tencent. Yet, the results are almost the same as those in the aggregated model,
except for several insignificant coefficients which might be due to a smaller sample size and
reduced variance.
To test whether our results are sensitive to extreme data, we exclude three sets of extreme

values and conduct the regressions shown in Table D.6. First, we drop 11% of respondents who
are illiterate. Second, we exclude those who are 60 years or older, accounting for 31.7%. Last,
we drop data points with extreme family income, either less than USD 700 or more than USD
20,000. The results are consistent with that of the full sample and the coefficients are slightly
larger, especially after dropping the elderly respondents, partly because they constitute more than
30% of the sample and partly because the marginal impact of age is
the largest.

Table 7: Log-normal Hurdle Model: Usage of Mobile Payment

This table reports the effects of household characteristics on the usage of mobile payment. The specification is an OLS model and
the distribution is assumed to be lognormal. The dependent variable is the percentage of recent expenditure by mobile payment
and it only includes positive numbers. We control for household characteristics and village fixed effect and all standard
deviations are clustered at the village level. The t-statistics are reported in parentheses and asterisks denote significance levels
(***=1%, **=5%, *=10%).

Heilongjiang, Anhui, Jiangxi, Henan, Hubei, and Hunan. West region includes Inner Mongolia, Guangxi, Sichuan, Guizhou,
Yunnan, Tibet, Shaanxi, Gansu, Qinghai, Ningxia, Xinjiang, and Chongqing.
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Another concern is regarding households having no smart phone—they are immediately
excluded from adopting mobile payment because usage relies on owning a smart phone.
Therefore, we exclude these households from our sample and compare the characteristics of
these two groups. Subsequently, we run the key regressions again as shown in Table D.7 and
find little change to our major results.
For a robustness check, we fit a zero-inflated ordered probit (ZIOP) model.12 ZIOP model

considers that zero responses come from two processes which in this paper refers to people who
have never used mobile payment and will never use and the ex-users. The zero inflation arises
due to the former type of people and ZIOP model could provide insights about which factors
contribute to the zero inflation. In unreported results, we find that no variable is significant in
affecting zero inflation, except for age. On average, older people are about 11% more likely to be
never-users of mobile payment than young people. Therefore, the Hurdle model is more suitable
for this paper.
Considering the cases when people did not report their mobile payment usage accurately, we

put their responses in five intervals, and the estimated results are similar to the ones reported by
us.

5. Conclusion
Mobile payment is witnessing rapid growth in both advanced and developing economies, but

there are few empirical studies to investigate its socio-demographic determinants and the
relationship with bank access. This study uses large-scale representative survey data in rural
China and finds that households with better access to banks are more likely to adopt mobile
payment. However, after adoption, the less often consumers visit banks due to distance or social
reasons, the more they use mobile payment to complement bank services. This implies that
mobile payment could be an important means of financial inclusion, especially for remote areas
in developing or developed countries. The households that tend to adopt and use mobile payment
share the following characteristics: younger, better-educated, higher income, more number of
smart phones, and not in the agricultural sector. This result suggests that the vulnerable groups
are slower in the transition to new financial technologies. We also find that more awareness of
neighbors’ use of non-cash payment has a positive effect on the adoption and usage of mobile
payment, suggesting the importance of perception and network externalities.
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Appendix A. Survey Questions

Table A.1: Survey Questions

Table A.2: Summary of Statistics

* Note: the original direction of ordering in the frequency of visiting banks is reversed.
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Appendix B. Blinder-Oaxaca Decomposition Analysis

Table B.3: Household Income Sources: Agriculture vs. Non-agriculture

This table reports the results of Blinder-Oaxaca decomposition on two groups of respondents: group 1 refers to households with
income sources other than agriculture and group 2 refers to households having income from agricultural sector. In the adoption
part, the dependent variable is an indicator which equals 1 if adopting mobile payment and 0 otherwise. In the usage part, the
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dependent variable is the percentage of expenditure in the previous month paid by mobile payment and it only includes positive
numbers. All standard deviations are clustered at the village level.
Asterisks denote significance levels (***=1%, **=5%,
*=10%).

Table B.4: BO Decomposition: “Sensitive” vs. “Insensitive” Households

This table reports the results of Blinder-Oaxaca decomposition on two groups of respondents: group 1 refers to households
not sensitive to the non-cash payment in the neighborhood and group 2 refers to the sensitive households. In the adoption part,
the dependent variable is an indicator which equals 1 if adopting mobile payment and 0 otherwise. In the usage part, the
dependent variable is the percentage of expenditure by mobile payment and it only includes positive numbers. All standard
deviations are clustered at the village level. Asterisks denote significance levels (***=1%, **=5%, *=10%).
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Appendix C. Regional Heterogeneity
Due to the dramatic demographic and economic difference between East, Middle, and West

part of China, we run regressions separately to explore the regional heterogeneity.
In the adoption part, the sign and magnitude are overall similar to those of the aggregated

model. The effect of frequency of bank visit is most significant and largest in middle region.
There is little regional difference for education level and age. In the west, family income and the
number of smart phones are less likely to increase the probability of adoption. While the impact
by the awareness of neighborhood’s adoption is highly significant across different regions, it is
strongest in the east and weakest in the west.
In the usage part, the regional heterogeneity is larger. Again, the effect of frequency of bank

visit is most significant and largest in middle region, and the impact magnitude in the east is only
half of that of middle and west region. In the west, family income and education are less likely to
increase the usage of mobile payment. Although the impact by age is highly significant across
different regions, it is strongest in the east and weakest in the middle. The awareness of
neighborhood’s adoption affects the usage less in the middle.

Table C.5: Regional Heterogeneity: 2SLS Estimates

This table reports the estimated results for east, middle, and west part of rural China. In the adoption part, the specification is a
probit model and the dependent variable is an indicator which equals 1 if adopting mobile payment and 0 otherwise. In the usage
part, the specification is an OLS model and the dependent variable is the percentage of expenditure by smart phones in the
previous month and it only includes positive numbers. For the adoption part, we control for the household characteristics,
including education level, age group, family income, total number of smart phones, child’s highest education level, savings or
house for retirement, and medical expenditure share of total spending. For the usage part, we only control for the first four factors
so that the exclusion restriction condition is met. We also control for village fixed eff ect and all standard deviations are clustered
at the village level. The t-statistics are reported in parentheses. Asterisks denote significance levels (***=1%, **=5%, *=10%).
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Appendix D. Sensitivity Tests
To test whether our results are sensitive to the outliers, we run regressions by excluding three

sets of extreme values, shown below.
First, we drop the illiterate respondents, accounting for 11% of the sample. The estimates are

very close to those of the full regression. Second, we exclude the respondents with extreme
household income, either higher than CNY 150,000 (USD 21,739) or lower than CNY 5,000
(USD 725), and similarly, the results do not change much. Last, we drop the respondents older
than 60 (more than 30% of the sample) and the results are still consistent with those of the full
regression, despite the coefficients are slightly larger.

Table D.6: Sensitivity Tests: 2SLS Estimates

This table reports the estimated results excluding some outliers. In the adoption part, the specification is a probit model and the
dependent variable is an indicator which equals 1 if adopting mobile payment and 0 otherwise. In the usage part, the specification
is an OLS model and the dependent variable is the percentage of expenditure by smart phones in the previous month and it only
includes positive numbers. For the adoption part, we control for the household characteristics, including education level, age
group, family income, total number of smart phones, child’s highest education level, savings or house for retirement, and medical
expenditure share of total spending. For the usage part, we only control for the first four factors so that the exclusion restriction
condition is met. We also control for village fixed eff ect and all standard deviations are clustered at the village level. The t-
statistics are reported in parentheses. Asterisks denote significance levels (***=1%, **=5%, *=10%).
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Table D.7: Summary of Statistics for Households with or without Smart Phones

* Note: the original direction of ordering in the frequency of visiting banks is reversed.

Table D.8: The Adoption of Mobile Payment: Sample without Households Having 0 Smart
phone

This table reports the effects of household characteristics on mobile payment adoption for households having at least one smart
phone. The specification is a probit model and the dependent variable is an indicator which equals 1 if adopting mobile payment
and 0 otherwise. The household characteristics include education level, age group, family income, total number of smart phones,
number of smart phone per person, and number of family members. We control for child’s highest education level, savings or
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house for retirement, and medical expenditure share of total spending in the first part. We also control for village fixed eff ect and
all standard deviations are clustered at the village level. The t-statistics are reported in parentheses. Asterisks denote significance
levels (***=1%, **=5%, *=10%).

Appendix E. Alternative Model

Table E.9: Exponential Type II Tobit Model

This table reports the estimated results in an Exponential Type II Tobit model. In the adoption part, the specification is a probit
model and the dependent variable is an indicator which equals 1 if adopting mobile payment and 0 otherwise. In the usage part,
the specification is an OLS model and the dependent variable is the logarithm of the percentage of expenditure by mobile
payment in the previous month and it only includes positive numbers. For the adoption part, we control for the household
characteristics, including education level, age group, family income, total number of smart phones, child’s highest education
level, savings or house for retirement, and medical expenditure share of total spending. For the usage part, we only control for the
first four factors so that the exclusion restriction condition is met. We also control for village fixed effect and all standard
deviations are clustered at the village level. The t-statistics are reported in parentheses. Asterisks denote significance levels
(***=1%, **=5%, *=10%).
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