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Abstract: The inclusiveness of digital finance brings new opportunities for the development of agri-
culture, rural areas, and farmers. The purpose of this paper is to clarify how digital finance influences
relatively large-scale farmers’ agricultural income. Based on survey data from rural China, this paper
systematically investigates the impact of digital finance on relatively large-scale farmers’ agricultural
income using the Multiple Intermediary Effect Model. The findings of this study reveal that digital
finance has a substantial positive influence on relatively large-scale farmers’ agricultural income,
and this effect still exists after considering endogeneity and a series of robustness tests. Further
mechanism analyses suggest that agricultural capital, agricultural land, and agricultural workforce
play a partial mediating role between digital finance and agricultural income. The development of
digital finance has a positive impact on improving agricultural capital investment and land transfer,
while it has a negative impact on agricultural workforce. Moreover, the results of the grouping
estimation show that digital finance has more significant effects on agricultural income for economic
crops and farmers who received agricultural skills training and agricultural services. These results
provide a micro explanation to promote relatively large-scale farmers’ agricultural income with the
accelerated popularization of digital finance, urgently needed for most emerging countries seeking
high-quality rural development.

Keywords: digital finance; relatively large-scale farmers; agricultural income; agricultural capital;
agricultural workforce; agricultural land rent-in; China

1. Introduction

The development of agriculture is moving in the direction of scale, modernization, and
industrialization. With the traditional small-scale and loose management farmers gradually
turning to the new agricultural operation system, large-scale farmers are becoming an
important subject of modern agricultural development. Promoting the income of large-scale
farmers is conducive to the development of agricultural modernization and realizing rural
revitalization. There are differences between the income structure of large-scale farmers
and traditional small farmers. Small farmers mostly operate part-time, while large-scale
farmers mostly take agricultural income as the main source of income [1], and it is necessary
to pay attention to agricultural income to realize the income increase of large-scale farmers.

Agricultural credit significantly impacts the development of agriculture. Compared to
the smallholders, the relatively large-scale farmers often need more funds for agricultural
production. However, due to asymmetric information, high transaction costs, and lack
of adequate collateral [2,3], there exist long-term threshold effects, financial exclusion,
“mission drift,” and “elite capture” in the rural financial market [4–6]. The development
of inclusive finance has alleviated the above dilemma [7]. Many studies have found that
inclusive rural finance significantly affects agriculture production, farmers’ income, and
welfare and can improve income inequality among farmers [8–11].

Agriculture 2022, 12, 1915. https://doi.org/10.3390/agriculture12111915 https://www.mdpi.com/journal/agriculture

https://doi.org/10.3390/agriculture12111915
https://doi.org/10.3390/agriculture12111915
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/agriculture
https://www.mdpi.com
https://orcid.org/0000-0002-7904-9768
https://orcid.org/0000-0003-1965-316X
https://doi.org/10.3390/agriculture12111915
https://www.mdpi.com/journal/agriculture
https://www.mdpi.com/article/10.3390/agriculture12111915?type=check_update&version=1


Agriculture 2022, 12, 1915 2 of 15

Digital finance is a product of the deep integration of traditional finance and Internet
information technology, and it is a new business model in which traditional financial insti-
tutions and internet companies use digital technology to realize financing, payment, and
investment [12]. One World Bank report shows that the application of digital technology
has opened up new opportunities for rural areas through financial services [13]. Digital
finance makes up for the shortcomings of traditional finance and is regarded as a low-cost
and convenient financial service access for farmers [14]. China’s financial industry has
fully entered the digital finance era [15]. Digital finance breaks geographical restrictions
to improve lending convenience [16,17]. Digital finance improves financial inclusion and
stability [18], changes the traditional financial sector, promotes the quality and diversity
of banking services [19], increases the efficiency of the financial market [20], and expands
credit boundaries [21] by reducing information collection costs and transaction costs. Re-
garding the impact on the economy and society, digital finance helps improve residents’
income, reduce the poverty rate, reduce income inequality, and narrow the urban–rural
gap [22–24]. Researchers thought that digital finance can affordably improve financial
services accession for rural households without access to financial services and can be
regarded as a powerful tool to achieve inclusive finance [18,25–27].

The existing literature concerning the impact of digital finance on agriculture remains
in its infancy, and conclusions conflict; currently, according to the 2017 China rural Internet
application report, the promotion effect on agricultural production remains limited overall
with rapid internalization in China’s rural areas. Liu et al. also believed that inclusive
digital finance significantly affects the efficiency of non-agricultural economic activities
rather than agricultural production; it can significantly encourage rural households to
reduce agricultural production [28]. However, Zhao et al. found that digital finance
alleviates their credit constraints, which may exert an impact on the adoption of sustainable
agriculture practices [29]. Sustainable agriculture is conducive to increasing agricultural
productivity and income [30]. Thus, digital finance’s impact on agricultural income and
its mechanism is worth exploring. Digital finance has developed rapidly in China and
has become an essential part of China’s financial system. In a short period of more than
ten years, with payment as the core, China has taken the lead on a global scale scope
for digital finance development. Based on the “Digital Finance Index” released by the
research group of the Digital Finance Research Center of Peking University, each province’s
average digital financial inclusion index has risen at rapid growth, from 40 to 341.22,
during the period between 2011 and 2020. The number of Internet users in the rural area
of China reached 2.84 hundred million. The data released by the China Internet Network
Information Center(CNNIC) shows the 5G service coverage rate of administrative villages
has reached 80% by the end of 2021. Nearly all rural residents have access to relatively
stable, high-speed mobile network services. Thus, China is a compelling setting to explore
this issue in-depth.

The improvement of agricultural performance results from rationalization and ad-
vancing efficiency in agriculture production factor allocation [31,32]. To the best of our
knowledge, digital finance is conducive to collect information about agricultural produc-
tion processes, address information asymmetries, and provide farmers with free and faster
access to credit. Purchasing medical, pension, and agricultural insurance online helps to
protect the physical and mental health, enhance the ability to resist risk, improve labor
productivity, and increase farmers’ labor supply. Digital finance is beneficial to improving
financial literacy, which can promote agricultural land rent-in. The above analysis appears
to change the constraints of initial agricultural production factors’ endowment, further
affecting the agricultural production decisions of farmers. Is this judgment accurate? If so,
how? Thus, based on the logic of “digital finance-factor allocation-agricultural income”,
we bring agricultural capital, agricultural land transfer, and agricultural workforce supply
into a unified analysis framework. This study elucidates the mechanism of allocation of
production factors through which digital finance affects agriculture income from theoretical
and empirical perspectives based on the China Labor Force Dynamics Survey (CLDS) 2016
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and 2018. Our analysis enriches the literature in four distinct ways. First, although the rela-
tively large-scale farmers cannot represent the general situation in China, large differences
in production and operation between the relatively large-scale farmers and small-scale
farmers exist. The share of relatively large-scale farmers is increasing greatly, that is, this
group cannot be ignored indeed. This paper focuses on the relatively large-scale farmer.
Second, we empirically test that digital finance is essential to improving large-scale farmers’
agricultural income. Third, does digital finance impact agricultural income through the
allocation of agricultural production factors? For agricultural capital, agricultural work-
force, and agricultural land, which production factor plays the stronger mediating role?
Last, we contribute to understanding the different impacts of digital finance on agricultural
income by highlighting the following aspects: agricultural service, agricultural technical
skills training, and crop type. We extend the extant understanding of how digital finance
promotes agricultural income.

2. Literature Review and Hypothesis
2.1. Digital Finance, Agriculture, and Agricultural Income

Relying on emerging technologies, such as cloud computing, big data, and block
chain [33], digitalization transforms the traditional financial system and spawns new
Internet-based financial formats. Digital finance is rooted in widespread financial exclusion
and is regarded to have the ability to compensate for traditional financial institutions’
disadvantages [34,35]. Scholars performed theoretical exploration in conjunction with
e-commerce [36]. They explored the effect of digital finance on new types of agricultural
production operation entities [37], agricultural industry chains [38], and P2P online lend-
ing [39]. Specifically, the role of digital finance on agricultural income is reflected in the
following three aspects:

First, digital finance improves access to credit for large-scale farmers who lacked collat-
eral [40]. Finance improves agricultural production efficiency [41,42]. Large-scale farmers
with loans will actively participate in agricultural production and benefit from doing so.
Second, digital finance promotes technology innovation [43,44]. New technologies improve
agricultural efficiency and output [45]. Modern agriculture depends on continuously in-
creasing efficiency instead of relying on an unlimited expansion of productive factors [46].
Farmers will benefit from adopting new agricultural technology to improve agricultural
efficiency. Third, digital finance helps the sales of agricultural products by promoting
the development of e-commerce and then affects agricultural income [47]. Based on the
“Metcalf law” and “long-tail theory” [48], mobile payment can more accurately match
agricultural products with the needs of consumers and develop a broader market. The
outbreak of COVID-19 has prompted more consumers to purchase agricultural products
online in China [49]. According to the China Agricultural E-Commerce Development
Report in 2022, major e-commerce platforms for agricultural products are Alibaba, JD,
Meituan, Pinduoduo, TikTok, etc. Digital credit will support relatively large-scale farmers
participating in agricultural products e-commerce, remove the geographical restrictions,
widen agricultural product sales channels and markets, and increase agricultural income.

Based on the above analysis, we state the Hypothesis 1:

H1. The development of digital finance can promote relatively large-scale farmers’ agricultural income.

2.2. The Mediating Role of Agricultural Capital, Agricultural Workforce, and Agricultural Land

Digital finance has substantial resource availability and more efficient resource al-
location [21,34]. As shown in the above analysis, digital finance influences agricultural
capital, agricultural production, and sales of agricultural products. Compared to traditional
small-scale farmers, relatively large-scale farmers have comparative advantages in agricul-
tural production; after obtaining financial support, relatively large-scale farmers are more
inclined to invest in agricultural production and change the endowment of agricultural
production factors. Due to the differences in the nature of agricultural production factors
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and their substitutability, the direction and degree of digital finance impacting various
agricultural production factors are different. Therefore, we analyze them separately to
pave the way for exploring how digital finance impacts agricultural income through the
allocation of factors:

In terms of agricultural capital, digital finance helps to develop new technologies and
apply new tools, which improve agricultural efficiency and output [45]. In correspondence,
farmers’ enthusiasm and expected return for agricultural production are greater. Easy
accession to credit prompts farmers to invest more in the agricultural field [47]. Especially,
mobile payment reduces the transaction cost of agricultural products and expands sales [47],
prompting farmers to hire more labor and invest more in farm machinery, pesticides, and
fertilizer [50]. Using machinery could increase farmers’ income [51]. Additionally, farmers
can easily purchase agricultural insurance online. Agricultural insurance is conducive to
increasing farmers’ input of agricultural production factors [52].

In terms of the agricultural workforce. The development of digital finance has led
to economic growth, created more job opportunities, and raised the employment rate
and income level of residents [53]. Manyika and other scholars have predicted that the
application of digital finance will make a great contribution to the annual GDP growth
of emerging economies, and that 95 million jobs will be created by 2025 [34]. Moreover,
digital financial can relieve the constraints of insufficient academic education on farmers’
entrepreneurial choices and partially replace the tacit knowledge of rural residents, which
ultimately enhances the entrepreneurial behavior choices of the farmers [54]. In turn, these
returning laborers who start their businesses promote the endogenous development of the
local economy, resulting in more non-agricultural jobs.

In terms of agricultural land, the essence of agricultural land transfer is a contractual
agreement between the transferee and the transferee. However, the information on the land
transfer in rural areas is not smooth, which reduces farmers’ willingness to rent in land,
increases the transaction cost, and restricts the improvement of the agricultural land transfer
system. Digital finance can obtain customer information and credit records more efficiently
and accurately through the interaction of big data and digital platforms [33], alleviate the
information imbalance between land supplier and demander and get rid of the “free rent”
and “acquaintance society” restrictions on rural areas, disseminate financial knowledge,
and improve financial literacy, which can promote large-scale farmers to rent the land [55].
Meanwhile, it is more convenient for relatively large-scale farmers to buy agriculture
insurance online. Agricultural insurance encourages farmers to consolidate idle, scattered,
and abandoned land and put them back into agricultural production [56]. Efficient land
transfer can realize the concentration of agricultural land and obtain economies of scale,
which is conducive to using advanced technologies and agricultural machinery. By renting-
in agricultural land, farmers achieve large-scale operation and greater production efficiency,
which has a significant impact on farmers’ income [57].

Therefore, we propose the following hypothesis:

H2. The development of digital finance urges relatively large-scale farmers to invest more in the
agricultural field, promoting agricultural income.

H3. The development of digital finance promotes the off-farm transfer of agricultural labor and
reduces agricultural income.

H4. The development of digital finance facilitates agricultural land rent-in and promotes
agricultural income.

3. Research Design
3.1. Data Sources

The household data used in this paper was released by China Labor Dynamics Survey
(CLDS) data in 2016 and 2018. The survey was a large-scale comprehensive survey orga-
nized by Sun Yat-Sen University. The survey was carried out in the form of face-to-face



Agriculture 2022, 12, 1915 5 of 15

interviews. Considering the significant regional differences in Chinese society, respondents
were selected using a multistage, cluster, stratified Probability Proportional-to-Size (PPS)
sampling technique. CLDS has interviewed households in 29 provinces, the information
involves demographic, economy, society, and other aspects, which provide objective social
science data for economic research.

Moreover, we used the Digital Financial Inclusion Index (DFII) of China, which was
compiled by the Peking University Institute of Digital Finance and Ant Financial Services
Group based on the big data from Ant Financial Services to reflect the development of
digital finance. The index comprehensively examines the development of digital finance
from various aspects, including the coverage breadth, the usage depth, and the degree
of digitalization. Among them, the coverage breadth of digital finance uses the number
of bank cards bound in digital accounts as an indicator; the usage depth is composed of
six categories of indicators such as payment business, monetary fund business, and credit
business; The digitization level is constructed according to four categories of indicators
such as mobilization. The index covers 337 cities above the prefecture level and more than
2800 counties in 31 provinces in China from 2011 to 2020. The data of control variables at
city level were drawn from the China City Statistical Yearbook.

Since rotating samples were conducted in the survey, there were no tracking samples
to meet the requirements. According to research needs, we used mixed cross-sectional
data from 2016 and 2018. This paper selects relatively large-scale farmers, excludes the
samples that are not engaged in agricultural production and have no agricultural income,
and the samples which are missing the main variables. According to data released by the
third General Census of Agriculture, the average business scale of rural households in
China is 0.52 ha, and there are 90% of rural households operating arable land of less than
0.66ha in 230 million rural households. Consistent with China’s national conditions, most
of the farmers surveyed in CLDS are smallholders. Meanwhile, following the study of
Qian et al. [58], farmers with planting sizes over 0.66 ha are defined as relatively large-
scale farmers in this paper. After omitting cases missing essential data, the final dataset
comprised 2776 samples.

3.2. Variables
3.2.1. The Dependent Variable

We use gross margin as a proxy for agricultural income, which is obtained by subtract-
ing the total agricultural operation cost from the total agricultural income. Agricultural
income includes income from vegetables, orchards, forests, grains, livestock, animal hus-
bandry, and fisheries. The logarithmic transformation is performed to fit skewed data
distributions into a normal distribution.

3.2.2. The Core Independent Variable

We used the digital finance general index to measure the development of digital
finance. This index is the most representative indicator, it has been widely used by many
scholars [59,60]. Since this study selected the dependent variable from the questionnaire of
CLDS2016 and 2018, and considering that the CLDS2016 and 2018 questionnaire surveyed
the sample in 2015 and 2017, we applied the total index of China’s digital finance at the
prefecture-level in 2015 and 2017 to match the questionnaire of CLDS2016 and 2018.

3.2.3. The Mediating Variables

Agricultural production factors mainly include agricultural capital, land, and work-
force. Agricultural capital is determined based on the operating costs for seed, fertilizer,
pesticides, fuel, and machinery expenses (not capital investments), as well as service items
such as machine hire, paid and unpaid labor, marketing, storage, and transportation. The
agricultural workforce is the number of people who engage in agricultural production for
more than three months within one year. Agricultural land is the total area used to cultivate
crops and animal husbandry.
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3.2.4. The Control Variables

Drawing on the existing literature [28,61] we controlled the following variables: At the
individual level, including the household decision maker’s gender, age, education, health
condition; at the family level, we control for family size, political status, family dependency
ratio, the share of females, partially or fully mechanized farming methods, and the farm
type of farmers. At the village level, we control whether this village has a non-agricultural
industry, whether the village provide agricultural services (including unified planting, pest
control, and skill training), whether there is a bank facility, the distance between the village
and the county center. At the prefecture level, the ratio of the primary industry is selected
because they are potential confounders of their relationship with the agricultural income.

The definitions and descriptive statistics of each variable are listed in Table 1.

Table 1. The definitions and descriptive statistics of each variable.

Variables Definition Mean S.D

Dependent Variable

Gross margin The natural logarithm of the difference between total agricultural income
and total agricultural operation cost 9.2085 1.6973

Core Independent Variable
Digital finance Digital financial inclusion index. 184.7302 27.2802

Mediation Variable
Agricultural capital The natural logarithm of the total cost of agricultural operation. 8.8677 1.1907

Agricultural workforce The number of people engaged in agricultural production for more than
three months within one year. 2.0904 0.8633

Agricultural land The natural logarithm of the land is used to cultivate crops and animal
husbandry. 3.0871 0.7682

Individual Level
Gender Men = 1, Women = 0. 0.9135 0.2811

Age The family decision maker’s age. 52.4373 10.1482

Education
No schooling = 1, Primary school = 2,

Junior high school = 3, High school = 4,
University degree or above = 5.

2.5771 0.8093

Health
The family decision maker’s health status.

Very unhealthy = 1, Moderately unhealthy = 2, General = 3, Healthy = 4,
Very healthy = 5

3.5973 0.1000

Family Level
Size The number of members. 4.9640 2.1066

Female The percentage of women in the family. 48.7483 14.3049

Depend The proportion of young people aged 0-14 and the elderly persons over 65 in
the family. 23.7897 21.1900

Status The number of Communist Party or democratic party members in the family. 0.2158 0.5260
Mode 1 if partially or fully mechanized farming, 0 otherwise. 0.7911 0.4066

Farm type Crop farming = 1, Breeding industry = 0 0.9546 0.2082
Village Level

Non-agricultural
industry 1 if there is a non-agricultural industry in this village, 0 otherwise. 0.1153 0.3194

Bank 1 if there is a bank facility, 0 otherwise. 0.9564 0.2042
Distance The natural logarithm of the distance from the village to the county center. 2.1678 0.9121
Service 1 if the village provide agricultural services, 0 otherwise 0.7727 0.4192

Prefecture Level
Primary industry The ratio of the primary industry to total GDP in each city. 13.6011 7.3486

3.3. Method

Firstly, the ordinary least-square estimation method is used to explore the impact of
digital finance on relatively large-scale farmers’ agricultural income and test Hypothesis 1.
Our empirical model can be represented as follows:

incomeit = α0 + α1digitalit + α2xit + λt + εit (1)
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where incomei denotes farmer i’s agricultural income; digitali denotes the digital finance
index of the city where farmer i located; xi is control variables; λt denotes the time fixed
effect, and εit is the random error term of the model.

In order to examine Hypothesis 2–4, we construct the multiple intermediary effect
model. The models are set as follows:

medit = b0 + b1digitalit + b2xit + λt + εit (2)

incomeit = c0 + c1digitalit + c2medit + c3xit + λt + εit (3)

where medi stands for the farmer i’s agricultural capital, agricultural workforce, and land.
On condition that b1 is significant, if c1 and c2 are both significant at the 10% level and the
value of c1 is lower than α1, it indicates that the mediating variable has played the role of a
partial mediator; if c1 is insignificant, but c2 is still significant, there is a complete mediating
effect. Even though the coefficients b1 and c2 are significantly non-zero, it does not ensure
that the mediating effect b1c2 is significantly non-zero at the same time; for this reason, this
paper uses the Sobel test statistic for its robustness test.

4. Empirical Results
4.1. Main Findings of Basic Regression

To ensure the stability and accuracy of the benchmark test, this study adopts the
heteroscedasticity robust standard error to prevent the possible heteroscedasticity problem.
Table 2 displays the estimated results, indicating the impact of digital finance on relatively
large-scale farmers’ agricultural income is positive at the 1% significance level. We claim
that Hypothesis 1 is confirmed. Digital finance does improve agricultural income. Never-
theless, the coefficient is 0.023. In terms of economic significance, every one unit increase in
digital finance index can lead to an average increase of about 2.31% in agricultural income.

Table 2. Estimated results of digital finance index on the agricultural income.

Variables Gross Margin

Digital finance 0.0231 *** (0.0030)
Gender 0.0403(0.1245)

Age −0.0088 *** (0.0034)
Education 0.0825 * (0.0452)

Health 0.1605 *** (0.0310)
Size 0.0019(0.0142)

Female 0.0014(0.0026)
Depend −0.0070 *** (0.0014)
Status 0.1494 *** (0.0496)
Mode 0.2520 *** (0.0808)

Farm type −0.3215 * (0.1637)
Non-agricultural industry −0.0507 (0.1177)

Bank 0.0015 (0.1230)
Distance −0.0696 (0.0495)
Service −0.0923 (0.0913)

Primary industry 0.0199 *** (0.0066)
Time fixed effects Yes

Constant 4.9886 *** (0.6624)
Observations 2776

R-squared 0.0675
Notes: * and *** respectively indicate significance at the level of 10% and 1%; Heteroscedasticity robust standard
errors are shown in parentheses.

In addition to the core independent variables that have significant impact on relatively
large-scale farmers’ agricultural income, a total of seven control variables also have signifi-
cant impact on agricultural income. Specifically, education level, health status, number of
party members, mechanized farming, and the proportion of primary industry positively
promotes agricultural income. It is worth noting that the positive effect of household
decision-makers’ education on agricultural income reflects the importance of farmers’ hu-
man capital. Therefore, in the context of digital transformation, more relatively large-scale
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farmers should be equipped with new agricultural knowledge and skills, while paying
attention to the financial behavior characteristics of relatively large-scale farmers and im-
proving their digital financial literacy. In contrast, age, dependency ratio, and farm type
negatively impact agricultural income. The higher the dependency ratio and household
decision maker’s age, the less labor supply affects agricultural production. This result is
in line with the former analysis. The non-agricultural industry in the village will cause
the transfer of the agricultural workforce, thus substituting non-agricultural income for
agricultural income.

4.2. Endogenous Problem and Robustness Test
4.2.1. Endogenous Problems

A critical problem in regression analysis is that the basic regression results may be
endogenous: First, data entail a measurement error problem. Although the CLDS adopts
proportional probability sampling (PPS) with stratification, multistage, multi-level, and
population proportionality, there are inevitably data collection errors in the micro surveys.
Second, theoretically, unobservable factors may affect agricultural income, resulting in
estimation errors caused by missing variables. Third, the complex causal relationship
between digital finance and agricultural income is still unclear for rural areas in different
stages of digital finance development. A reverse causal relationship may exist: agricultural
income may impact the use of digital finance, resulting in simultaneous bias. Therefore,
this paper used instrumental variables to solve any other endogeneity problems that the
above problems may cause.

In order to avoid any other possible endogeneity problems, this study selects “the
average value of the digital financial index of other counties in the province where the
farmer is located except this city” as the instrumental variable of the digital financial index
of the city where the farmer is located. The selection of this instrumental variable is based
on the following considerations: First, the development level of digital finance in this city
is related to the development of digital finance in other cities in the province. Moreover,
due to the low liquidity of relatively large-scale farmers, there is no direct relationship
between the development of digital finance in other cities and relatively large-scale farmers’
agricultural income, which meets the exogenous requirements of instrumental variables.
Therefore, we carried out a two-stage least squares (2SLS) estimation using the internet as
the instrumental variable for digital finance. Table 3 column (1) shows that in the first-stage
regression, the instrumental variable has a significant impact on the independent variable,
satisfying the correlation requirements for the instrumental variable. As shown in column
(2) in Table 3, the value of the Cragg–Wald F statistic is 128.594, which is larger than the
critical value at the 10% level of the Stock–Yogo weak identification test in parentheses,
representing that the instrumental variable is not a weak instrumental variable. Therefore,
this IV had good properties. The results of IV regression indicating the previous conclusions
are robust.

Table 3. Estimated results of IV-2SLS.

(1)
The First Stage

(2)
The Second Stage

Digital Finance Agricultural Income

IV 0.2002 *** (0.0189)
Digital finance 0.0500 *** (0.0150)

Control variables Yes Yes
Year fixed effects Yes Yes

Cragg–Wald F statistic 128.594
10% max IV size 16.38

Observations 2766 2766
Notes: *** respectively indicate significance at the level of 1%; Heteroscedasticity robust standard errors are shown
in parentheses.
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4.2.2. Robustness Test

To further check the robustness of the model estimation results, three strategies were
implemented: replacing core explanatory variables, removing extreme values, and adding
control variables.

First, replace the explanatory variable. Drawing on the method proposed by Cao
et al. [62], considering the cyclical nature of agricultural production, there may be a lag in
the impact of digital finance on agricultural income. This study replaced the independent
variable with one-period-lagged independent variable, namely the digital finance index for
2014 and 2016. As shown in column (1) in Table 4, the one-period-lagged digital finance
index could significantly improve relatively large-scale farmers’ agricultural income. The
benchmark regression results still hold.

Table 4. Robustness tests by substituting independent variable and eliminating extreme values.

Gross Margin

(1)
Substitute Independent

Variable

(2)
Eliminate Extreme

Values

One-period-lagged 0.0249 *** (0.0031)
Digital finance 0.0229 *** (0.0030)

Control variables Yes Yes
Year fixed effects Yes Yes

Observations 2766 2766
R-squared 0.0704 0.0675

Notes: *** respectively indicate significance at the level of 1%; Heteroscedasticity robust standard errors are shown
in parentheses.

Second, to reduce the influence of extreme values, we winsorized the agricultural
income at the bottom and top 1% of their distributions. We eliminated one percent of sam-
ples at both ends for robustness check. The results are shown in column (2) in Table 4; the
digital finance still has a positive effect on agricultural income, confirming the robustness
of the benchmark results.

Third, from the agricultural land and agricultural workforce perspective, land registra-
tion and certification and whether the village organizes farmers to work are added to the
regression. In Table 5 column 1, we added the variable of land registration and certification;
the proxy variable is the question in CLDS: “Has your family received the Rural land
Contractual Management Right Certificate?”. Valued 1 if the respondent has answered Yes,
0 otherwise. In Table 5 column 2, we added the variable of whether the village organizes
farmers to work, and the proxy variable of the latter one is the question: “Are there any
agents organizing jobs for farmers?”. Valued 1 if the answer is Yes, 0 otherwise. The
regression results are shown in Table 5, and the previous conclusions are robust.

Table 5. Robustness tests by adding variables.

Gross Margin

(1)
Confirmation of Agricultural

Land Rights

(2)
Organize Labor to Go Out to

Work

Digital finance 0.0251 *** (0.0032) 0.0219 *** (0.0031)
Control variables Yes Yes
Year fixed effects Yes Yes

Observations 2766 2766
R-squared 0.0833 0.0688

Notes: *** respectively indicate significance at the level of 1%; Heteroscedasticity robust standard errors are shown
in parentheses.



Agriculture 2022, 12, 1915 10 of 15

4.3. Mediation Effect Analysis

The above theoretical part analyzes the mediation role of agricultural production
factors between digital finance and agricultural income. Next, we intend to examine
the three potential influencing channels of digital finance on agriculture income by the
sequential test method. Since gross margin = total agricultural income-total agricultural
operation cost, and agricultural capital are the operating costs. To avoid multicollinearity,
we replace gross margin with agricultural income as the independent variable in this
section. The results are shown in Tables 6 and 7.

Table 6. Digital finance and agricultural production factors.

(1)
Agricultural Income

(2)
Agricultural Capital

(3)
Agricultural Workforce

(4)
Agricultural Land

Digital Finance 0.0157 *** 0.0177 ***
(0.0020)

−0.0042 *** 0.0058 ***
(0.0019) (0.0015) (0.0012)

Control variables Yes Yes Yes Yes
Constant 7.2000 *** 6.7766 *** 2.2647 *** 1.7733 ***

(0.4125) (0.4233) (0.3130) (0.2717)
Year fixed effects Yes Yes Yes Yes

Observations 2776 2776 2766 2776
R-squared 0.1346 0.1399 0.0809 0.1006

Notes: *** respectively indicate significance at the level of 1%; Heteroscedasticity robust standard errors are shown
in parentheses.

Table 7. Digital finance, agricultural production factors, and agricultural income.

Agricultural Income

(1) (2) (3)

Digital Finance 0.0035 *** 0.0161 *** 0.0123 ***
(0.0013) (0.0018) (0.0017)

Agricultural Capital 0.6900 ***
(0.0161)

Agricultural Workforce 0.0940 ***
(0.0262)

Agricultural Land 0.5966 ***
(0.0287)

Control variables Yes Yes Yes
Year fixed effects Yes Yes Yes

Constant 2.5243 *** 6.9872 *** 6.1420 ***
(0.3306) (0.4150) (0.3923)

Sobel Z 8.771 *** −2.266 ** 4.368 ***
The ratio of mediation effect 77.48% 2.50% 22.10%

Observations 2776 2776 2776
R-squared 0.5721 0.1392 0.2770

Notes: ** and *** respectively indicate significance at the level of 5% and 1%; Heteroscedasticity robust standard
errors are shown in parentheses.

Firstly, examine whether digital finance can influence agricultural income through
agricultural capital investment. It is shown in column (1) of Table 6 that the coefficient of
digital finance is positive and significant at the 1% level. The results in column (2) of Table 6
show that the coefficient of the impact of digital finance on agriculture capital is positive,
indicating that digital finance has promoted relatively large-scale farmers’ agriculture
capital investment. The results in column (1) in Table 7 show that agriculture capital
has a significantly positive impact on agriculture income. Meanwhile, after adding the
variable of agricultural capital, the coefficient of the impact of digital finance on agricultural
income is still significant, suggesting that agriculture capital has a certain mediating effect.
Hypothesis 2 is verified. The results of the Sobel mediating effect test show that the effect
of agriculture capital as a mediating variable is positive at the 1% significance level, and the
mediating effect size is 77.48%, the largest one, which reveals the importance of agricultural
capital in promoting agricultural income compared with other production factors.
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Secondly, examine whether digital finance can influence agricultural income through
the agricultural workforce. Digital finance has a significantly negative influence on the
agricultural labor force (see column 3 in Table 6); at the same time, the agricultural labor
force has a significant impact on agricultural income and the coefficient is positive (see
column 2 in Table 7). In addition, after joining the intermediary variable agricultural
workforce, digital finance still has a significant positive impact on agricultural income,
which fits Hypothesis 3. However, the results of the Sobel mediating effect test show
the mediating effect value of agricultural workforce accounting only for 2.50% of the
total effect, which is the weakest in the mediating variables. It may be that with the non-
agricultural transfer of labor, farmers may choose to purchase agricultural machinery [62]
or outsourced agricultural mechanization services to cope with the labor shortage in
agricultural production [63].

Thirdly, examine whether digital finance can influence agricultural income through
agricultural land. As we can see from column (4) in Table 6 and column (3) in Table 7.
Digital finance has a significantly positive influence on agricultural land, and after adding
the intermediary variable agricultural land into regression, the coefficient of digital finance
and agricultural land both are positive. It suggests that digital finance can indirectly
facilitate agricultural income through promoting rent-in land. The Sobel test indicates that
22.10% of the effect of digital finance on agricultural income is through the promotion of
agricultural land. Hypothesis 4 is verified.

Through the discussion of the above mechanisms, this paper finds that there are
two positive mechanisms for expanding agricultural capital and agricultural land, and a
negative mechanism for reducing agricultural labor in the channels that digital finance
affects the agricultural income of relatively large-scale farmers. However, in general, digital
finance still has a significant effect on agricultural income.

5. Heterogeneity
5.1. Heterogeneity Analysis Based on Agricultural Services

China has a vast territory; there are significant differences between regions in terms of
natural and cultural environment and agricultural production and farming conditions. The
agricultural services for farmers in different areas are not uniform, including agricultural
materials supply, unified planting, pest control, and machinery. As the service improves the
efficiency of agricultural technology, agricultural service has been unanimously welcomed
by farmers in China [64]. Column 1 and 2 in Table 8 present that digital finance significantly
positively impacts agricultural income for relatively large-scale farmers who receive both
pest control and unified planting planning services. With agriculture services, it is more
conducive for relatively large-scale farmers who access to digital finance to overcome the
drawbacks of land fragmentation, control natural risks to a certain extent, reduce operating
costs, and expand crop output. Digital finance could fully play the income-increasing effect.

Table 8. Estimated results of different categories according to whether receiving agricultural service or not.

Gross Margin

(1)
Receiving Service

(2)
No Service

(3)
Receiving Skill Training

(4)
No Skill Training

Digital finance 0.0274 ***
(0.0063)

0.0217 ***
(0.0033)

0.0229 ***
(0.0040)

0.0175 ***
(0.0047)

Control variables Yes Yes Yes Yes
Constant 3.0818 *** 5.6774 *** 4.8823 *** 5.9753 ***

(1.3707) (0.7395) (0.9096) (1.0387)
Year fixed effects Yes Yes Yes Yes

Observations 524 2252 1543 1233
R-squared 0.1546 0.0616 0.0749 0.0825

Notes: *** respectively indicate significance at the level of 1%; Heteroscedasticity robust standard errors are shown
in parentheses.
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5.2. Heterogeneity Analysis Based on Human Capital

The technical perception of farmers could be enhanced via training in the economic,
scientific, and technical. For relatively large-scale farmers, agricultural production skills are
their important human capital. The improvement of agricultural production skills can help
improve agricultural productivity and the quality of agricultural products. Therefore, we
divided the samples into two groups according to whether they obtained agricultural skills
training or not. Columns 3 and 4 of Table 8 show that farmers who receive agricultural
skills training can strengthen the positive impact of digital finance on agricultural income.
Therefore, to give full play to the increasing effect of digital finance on agricultural income,
attention should be paid to the training of agricultural production skills for relatively
large-scale farmers.

5.3. Heterogeneity Analysis Based on Breeding Industry, Grain Crop, and Cash Crop

Finally, different agricultural production fields require different input factors; we
divide agricultural production into the breeding industry, grain crop, and cash crop. From
Table 9 we can see that digital finance has a significant positive impact on cash crops.
However, the impact on grain crops is not significant. Moreover, digital finance has a
negative but insignificant impact on the breeding industry. The breeding industry is
increasingly tending to large-scale development with a high technical level and abundant
capital. For farmers, it is harder to enter into the breeding industry than the crop industry.
Currently, the scale of digital finance is smaller than traditional finance, and the economic
benefits of digital finance for cash crops are stronger than for grain crops, so farmers as
rational economic actors, pursue the maximization of their interests, who participating in
digital finance are more inclined to invest their funds in the cash crop. Therefore, in the
context of digital finance, the local government should optimize and adjust the planting
structure on the premise of respecting the wishes of farmers and being guided by market
demand to ensure food security and help farmers increase their income.

Table 9. Estimated results of different categories according to the types of agricultural production.

Gross Margin

(1)
Breeding

(2)
Grain Crop

(3)
Cash Crop

Digital finance −0.0062
(0.0258)

0.0037
(0.0044)

0.0457 ***
(0.0138)

Control variables Yes Yes Yes

Constant 8.6918 ***
(4.6717)

6.6769 ***
(0.9121)

4.3803 ***
(2.9828)

Year fixed effects Yes Yes Yes
Observations 317 2773 647

R-squared 0.0657 0.1974 0.1645

Notes: *** respectively indicate significance at the level of 1%; Heteroscedasticity robust standard errors are shown
in parentheses.

6. Conclusions and Discussions

Digital finance could change the allocation of agricultural production factors of rela-
tively large-scale farmers with different endowments, thus affecting agricultural income.
Based on the data from CLDS 2016 and 2018, this paper uses the multiple intermediary
effect model to reveal how digital finance impacts agricultural income from the perspective
of factor allocation. The present study’s findings show that: (1) digital finance promotes
relatively large-scale farmers’ agricultural income significantly; (2) agricultural capital,
agricultural land, and agricultural workforce play a partial mediating role between digital
finance and relatively large-scale farmers’ agricultural income. However, the mediating
role of the agricultural workforce is the weakest, and the mediating role of agricultural
capital is the strongest in the three mediation variables; that is, relatively large-scale farmers
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participating in digital finance are more inclined to invest more in the agricultural field to
gain more income. The sustainable financial transformation driven by digital technologies
offers new opportunities for the agricultural sector. Digital finance can provide sufficient
financial power for agricultural industrialization. Agricultural modernization and rural
revitalization in China are designed to increase yields and incomes, with the transforma-
tion focusing on the means of production and technological development rather than on
laborers. The development of intensive smart farming and the application of agricultural
information technology will continue to displace the agricultural workforce. However, the
demand for professional farmers will undoubtedly be more urgent. This result further
confirms that the mediating role of agricultural land is more significant than the workforce.
Promoting rent-in land for professional farmers is beneficial to gaining scale economy; and
(3) considering the heterogeneity, further analysis finds that the development of digital
finance has a more significant positive impact on the agricultural income for relatively
large-scale farmers who receive agricultural skill training, agricultural service, and engage
in the crop industry instead of the breeding industry. Even though this study only con-
cerns the impact of digital finance on agricultural income in China, our findings can have
important implications for countries urgently needing high-quality development.

This study has several policy implications. First, it underscores the need to develop
digital finance. Digital finance provides an important scenario platform with which finan-
cial institutions could continuously innovate the modes and means to match and offer better
support for agriculture. The policy maker should give full policy support to vigorously
improve the digital infrastructure to address barriers attributed to the digital divide, espe-
cially in the rural area and those areas with poor natural endowments. Second, implement
appropriate policy preference for new forms of financial services, expand the agricultural
credits for the farming sector, and release new vitality for high-quality development of the
agricultural economy. Third, actively cultivate a group of new business entities and family
farms with modern business concepts, which is beneficial to rent-in agricultural land and
realize moderate-scale agriculture. Fourth, farmer training programs typically result in
human capital acquisition. The government should emphasize providing more targeted
programs and specific training for farmers and be in charge of implementing measures for
cultivating new professional farmers.

There are still some limitations in this paper. China’s digital finance development
is currently leading in the world. Whether the experience of the Chinese in supporting
agricultural development with digital finance can be applied to other countries remains
to be seen. Furthermore, we argue that the mechanisms of how mobile payment, online
credit, online insurance, and online wealth management impact agricultural income are
different. This could be an excellent opportunity for future research to investigate.
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