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In recent years, the rapid development of digital technologies and the promotion 
of rural digitization have profoundly reshaped the development of rural areas 
and provided new ideas for resolving income disparities between urban and 
rural residents. This study uses panel data from counties in China between 2018 
and 2021 and a two-way fixed effects model to empirically test the impact of 
rural digitization on the urban–rural income gap and determine the underlying 
mechanism. The findings suggest that rural digitization effectively reduces the 
urban–rural income gap, with more pronounced effects in southern regions, 
eastern regions, central regions, and areas with better agricultural development. 
Mechanistically, rural digitization narrows the income gap mainly by promoting 
technological innovation. Rural digitization does not cause more capital to flow 
into rural areas. Further spatial econometric analysis indicates that the role of 
rural digitization in narrowing the urban-rural income gap has a significant spatial 
spillover effect, and this spillover is more likely to occur between counties with 
similar levels of economic development. 
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1 Introduction 

The urban–rural income gap is a crucial indicator used to assess the balanced economic 
development of a country or region; it directly influences social equity and harmony 
(Zhang et al., 2022). In many countries, the income gap between urban and rural 
areas has widened alongside rapid economic development and accelerated urbanization 
(Rogers and Williamson, 1982). A large income gap may lead to the unfair distribution 
of social resources, exacerbate social class conflicts, and undermine long-term social 
stability. The urban–rural income gap also impacts the quality of life and wellbeing of 
residents. Differences in income levels affect residents’ purchasing power, education, and 
healthcare, which in turn influence their health and development potential (Requena, 
2016). Furthermore, the urban–rural income gap is related to the balance and sustainability 
of economic development. Narrowing the income gap between urban and rural areas 
would promote an increase in consumption demand, expand the domestic demand market, 
and drive balanced economic growth (Tang et al., 2022; Carter, 1997). It also would 
facilitate the rational flow and optimal allocation of human resources, thus improving 
overall economic efficiency and competitiveness (Yu and Lu, 2021). 
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FIGURE 1 

Trends in per capita disposable income of Chinese residents from 
2010 to 2024. Data source: National Bureau of Statistics of China. 

All countries have made significant efforts to promote rural 
development and eliminate the urban–rural income gap. In the 
United States, policies such as the Rural Electrification Act, 
Federal Highway Act, and Morrell Act have been implemented 
to strengthen rural infrastructure, support agricultural technology 
and vocational education, and promote farmers’ income and 
agricultural development (Hu and Tian, 2019). In South Korea, the 
“New Village Movement,” which was initiated in the late 1970s, 
invested a total of 2.8 trillion Korean won over 10 years to build 
infrastructure in rural areas, improve farmers’ living conditions, 
and enhance residents’ quality of life (Sun, 2016). The Indian 
government also has introduced a series of policies to promote 
rural information and reduce the urban–rural income gap, such 
as tax exemptions for farmers purchasing computers and software 
and the use of buses to provide agricultural and meteorological 
information to farmers in rural areas (Guo et al., 2022). In China, 
the income gap between urban and rural areas continues to widen 
(Figure 1). China recognizes this problem and has taken various 
measures to address it, such as implementing a rural revitalization 
strategy to promote rural industrial upgrading and transformation, 
developing characteristic agriculture and rural tourism to increase 
rural employment opportunities, and improving the rural social 
security system to promote social equity and harmony (Yu and Lu, 
2021; Su et al., 2015; Yao and Jiang, 2021). 

In recent years, the rapid development of digital technology 
and promotion of rural digitization have profoundly changed 
development in rural areas, offering new solutions to the urban– 
rural income gap problem. Briefly, rural digitization involves 
using advanced digital technologies to strengthen the economic 
and social fabric of rural populations and ultimately provide 
them with more opportunities to lead connected lives. Rural 
digitization has overcome the limitations of traditional economic 
models and is significantly reshaping rural development (Huang 
and Huang, 2018). In May 2019, the General Office of the 
Central Committee of the Communist Party of China and the 
General Office of the State Council issued the “Outline of the 
Digital Rural Development Strategy,” which clearly defines the 
objectives and tasks of rural digitization. The “Key Points for 
Digital Rural Development in 2020” clearly define the objectives 
for digital rural development, namely to accelerate both the 

construction of rural information infrastructure and the digital 
transformation of agriculture and rural areas. In agriculture, the 
application of digital technology has greatly improved the precision 
of agricultural production and efficiency of management (Erickson 
and Fausti, 2021), increased agricultural output (Deichmann et al., 
2016), and enhanced the quality of agricultural products, thereby 
raising farmers’ income levels (Zhang and Fan, 2024). E-commerce 
platforms have effectively shortened the distance from farm to fork 
and reduced intermediaries, thus increasing the selling prices of 
agricultural products and farmers’ sales incomes (Liu et al., 2024a). 
Rural digitization promotes the flow and sharing of resources such 
as information, technology, and talent between urban and rural 
areas, thus increasing economic vitality and creating employment 
opportunities in rural areas (Leng, 2022). Taking China’s rural e-
commerce as an example, data from the China Digital Village 
Development Report (2023) show that as of November 2023, the 
number of rural e-commerce stores in China had reached 18.396 
million, and 1,489 counties nationwide had established public 
service and logistics systems for e-commerce. In 2023, China’s 
rural online retail sales amounted to 2.5 trillion yuan, with online 
agricultural product sales reaching 587.03 billion yuan. 

Importantly, the development of digital technology and the 
advancement of rural digitization may hinder efforts to narrow 
the urban–rural income gap in new ways. Differences in the level 
of digital infrastructure development across regions and in digital 
skills between segments of the population may lead to social 
division and a digital divide (Leng, 2022). Due to an uneven layout 
of digital infrastructure and lack of digital skills, some segments of 
the population, especially rural and low-income groups, may not 
be able to take full advantage of the economic dividends of digital 
technologies (Salemink et al., 2017). This may not only exacerbate 
the economic gap between urban and rural areas but also lead 
to greater social division, thus hindering comprehensive poverty 
alleviation and urban–rural integration. These possibilities warrant 
a discussion of the impact of current digital village construction 
on the urban–rural income gap and how it can be reduced, 
and how balanced urban–rural development can be promoted 
while also promoting the application of digital technology and 
the construction of digital villages. This paper explores the above 
issues and presents two main innovations. First, it explores the 
impact of rural digitization on the urban–rural income gap using 
county-level panel data. Second, it investigates the roles of capital 
flow and technology flow in the impact of rural digitization on the 
urban–rural income gap. 

2 Literature review 

The development of digital technology has led to an increase 
in studies on how the digital economy affects the urban–rural 
income gap, as represented by Internet use, e-commerce, and digital 
inclusive finance. The conclusions of these studies can be broadly 
classified into three categories: first, the development of digital 
technology and the digital economy has widened the urban–rural 
income gap. Second, the development of digital technology and the 
digital economy has narrowed the urban–rural income gap. Third, 
the relationship between the development of digital technology 
and the income gap is non-linear. The following three paragraphs 
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explain the relevant literature pertaining to these three categories 
in detail. 

Some scholars have argued that the development of the 
digital economy, represented by Internet usage, e-commerce, and 
digital inclusive finance, is narrowing the urban–rural income gap. 
Distance and a lack of economies of scale are important factors 
hindering rural development, while the Internet and broadband 
digital communications exert a certain scale effect by providing 
development opportunities to rural areas while shortening the 
spatial and temporal distance, thus disrupting the imbalance of 
development between urban and rural areas (Parker, 2000; He 
et al., 2025, 2024). Digital technology can strengthen inter-industry 
connections, thereby increasing rural income levels and narrowing 
the urban–rural income gap (Ahvenniemi et al., 2017). Using 
data from 2014 to 2018, Ji et al. (2021) explored the positive 
impact of digital inclusive finance on rural employment and 
incomes in China, finding that it narrowed the urban–rural income 
gap through mechanisms such as alleviating financial exclusion, 
expanding financing channels, and supporting entrepreneurship. 
Khan et al. (2022) analyzed the impact of the digital economy on 
rural development in Pakistan and found that Internet technology 
could reshape the rural economy, promote agricultural industrial 
upgrading, and increase farmers’ incomes, thus narrowing the 
urban–rural income gap. Indian scholars have argued that the 
Internet has improved rural agricultural markets by helping 
farmers obtain market information and increasing the selling 
prices of agricultural products, thus increasing their incomes and 
narrowing the urban–rural income gap (Jensen, 2007). Goyal 
(2010) found that establishing Internet information libraries 
significantly improved the incomes of local soybean farmers in 
India. In China, the development of the digital economy also 
has narrowed the urban–rural income gap. Yin and Choi (2022) 
found that the development of e-commerce in China significantly 
narrowed this gap. 

Other scholars, however, have argued that the development 
of the digital economy is exacerbating the urban–rural income 
gap. Prieger (2012) suggested that in areas with significant gaps 
in broadband coverage, the spread of information technology 
in rural areas or among certain minority groups remains slow, 
which further widens the urban–rural income gap. Jackson and 
Kanik (2019) argued that the development of digital technology 
has led to labor substitution and, in turn, reduced wages for 
replaceable workers relative to those for non-replaceable workers. 
The wage growth rate of high-skilled workers exceeds that of low-
skilled workers; furthermore, most of China’s high-skilled workers 
are concentrated in urban areas while low-skilled workers are 
concentrated in rural areas, which are exacerbating the urban– 
rural income gap. Zeng et al. (2022) analyzed panel data from 287 
prefecture-level cities in China from 2001 to 2019 and found that 
the construction of smart cities significantly widened the urban– 
rural income gap. Qiu et al. (2023) conducted an empirical study 
based on panel data from 202 cities in China from 2011 to 2019 
to examine the impact of the digital economy on the urban–rural 
income gap. The results of the study show that although the digital 
economy improved the absolute income levels of both urban and 
rural residents, it significantly promoted urban residents’ incomes 
to a greater extent, thus widening the urban–rural income gap. 

Some scholars have found that the relationship between digital 
economic development and the urban–rural income gap exhibits 
a U-shaped curve. Jiang et al. (2022) conducted an empirical 
study using panel data from 30 provinces in China between 2009 
and 2019 and found that the digital economy had a U-shaped 
relationship with the urban–rural income gap. The gap narrowed 
in early stages but widened in the medium-to-long term. Li 
et al. (2021) found that e-commerce development significantly 
enhanced the urban–rural income gap, first expanding and then 
narrowing it. Using panel data from 194 cities in China from 
2011 to 2018, Peng and Dan (2023) constructed a digital economic 
development index using the entropy method. They applied non-
linear and threshold models to analyze the impact of digital 
economic development on the urban–rural income gap, finding 
that this relationship was U-shaped. Deng et al. (2023) conducted 
a similar empirical study using panel data from 202 cities in 
China between 2011 and 2019, confirming that the relationship 
between the digital economy and the urban–rural income gap 
followed a U-shaped pattern that narrowed in the early stages 
but widened as the digital economy further developed. Yao and 
Ma (2022) found that digital finance had a so-called Kuznets 
effect on income distribution: the income gap widened in the 
early stages of development but began to narrow as the economic 
development level increased and digital finance matured. However, 
most regions have not yet reached the turning point, and rapid 
digital economic development continues to exacerbate regional 
income inequality. 

Several scholars have explored the impact of digital village 
construction on the urban–rural income gap. Using provincial 
panel data from 2011 to 2020, Li and Chen (2023) found that rural 
digitization significantly narrowed the urban–rural income gap. Lin 
et al. (2023) analyzed rural digitization data from 2,997 county-level 
administrative areas during 2012–2021 to determine the impact of 
digital rural development on common prosperity in revolutionary 
old areas. They found that digital infrastructure drove income 
growth in rural areas but also widened the urban–rural income gap, 
resulting in a digital divide. Digital rural governance significantly 
reduced the digital divide and led to the achievement of common 
prosperity. Using cross-sectional data from 865 counties in China 
in 2020, Liu et al. (2024b) found that digital rural development 
narrowed the urban–rural income gap and that this effect was 
driven mainly by industrial structure transformation. Liu and Liu 
(2024) used provincial panel data from China during 2011–2020 
and also found that digital rural development narrowed the urban– 
rural income gap. 

To date, research on the impact of rural digitization on the 
urban–rural income gap remains insufficient. There is no clear 
consensus on whether rural digitization promotes or inhibits this 
gap, and most studies have focused on the provincial or county level 
and thus cannot fully reflect regional differences in the impact of 
rural digitization on the urban–rural income gap. Moreover, the 
mechanism of analyzing the impact of rural digitization on the 
urban–rural income gap from the perspective of factor flow is not 
yet clear. Therefore, this paper presents an empirical test of the 
impact of rural digitization on the urban–rural income gap using 
unbalanced panel data from Chinese counties during 2018–2021 
and a two-way fixed effects model. The paper also explores the 
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influence of capital and technology flows in rural digitization on 
the urban–rural income gap. 

3 Theoretical framework 

Reducing the urban–rural income gap is a crucial aspect of 
achieving common prosperity. In recent years, rural digitization or 
digital rural construction, which focuses on broadband expansion, 
rural e-commerce development, digital agriculture, and digital 
inclusive finance, has significantly affected rural development 
(Deng et al., 2023). According to the Digital Rural Development 
Action Plan (2022–2025), the key tasks of digital rural construction 
include actions for upgrading digital infrastructure, the innovation 
and development of smart agriculture, the development of new 
business models, and the improvement of digital governance 
capacity (Jiang et al., 2022). Digital rural construction strengthens 
rural information infrastructure, promotes the integration of 
traditional infrastructure with data elements, and facilitates the 
flow of capital, technology, and materials into rural areas. It also 
significantly improves the efficiency of factor allocation in rural 
regions and thus is an important driver of efforts to narrow the 
urban–rural income gap (Jiang et al., 2022). 

The extensive application of digital technologies has greatly 
optimized the allocation of rural capital, land, and labor 
and enhanced the flexibility and precision of rural industrial 
development. The cluster effect of digital technologies has 
promoted the efficient integration and utilization of rural factors. 
Specifically, the cluster effect of e-commerce platforms enables 
farmers to sell their products more conveniently and thus increases 
the added value (Li, 2024). Simultaneously, the development 
of related industries, such as logistics, processing, and finance, 
further enhances the efficiency of factor allocation and drives 
the transformation and upgrading of rural industries. The 
timeliness and transparency of information flow allow rural 
resources to be allocated more flexibly and efficiently to various 
production and service activities, thereby increasing the vitality 
and competitiveness of the rural economy. These changes driven 
by digital technologies have effectively promoted the interaction of 
factors between urban and rural areas and coordinated economic 
development, ultimately helping reduce the urban–rural income 
gap. Based on this, we propose the following hypothesis: 

Hypothesis 1: Rural digitization narrows the urban–rural 
income gap. 

Rural digitization can influence the urban–rural income gap 
by accelerating the flow of capital to rural areas. It accelerates 
the construction of rural digital infrastructure and provides 
a foundation for the development of digital inclusive finance, 
thereby substantially supporting efforts to narrow the urban–rural 
income gap (Wang and Cheng, 2022). Rural areas have long been 
constrained by weak financial infrastructure and insufficient capital 
flow, leading to a one-way flow of capital to urban areas that 
has hindered the sustainable development of rural economies (Li 
et al., 2021a). Advances in rural digitization have enabled the state 
to increase investment in and continuously improve rural digital 
infrastructure and supporting services. The widespread adoption of 
digital inclusive finance in rural areas has increased the efficiency of 

capital flows. Rural farmers and small enterprises can more easily 
access credit and financial support, alleviating the long-standing 
issue of capital scarcity in rural areas. This acceleration of capital 
flow has increasingly attracted social capital and investment into 
rural markets to promote the economic integration of urban and 
rural areas and thus narrow the urban–rural income gap. Based on 
this, we propose the following hypothesis: 

Hypothesis 2: Rural digitization accelerates the flow of capital to 
rural areas, thereby reducing the urban–rural income gap. 

The efficiency of agricultural factor allocation and technological 
efficiency levels have significantly improved with increasing rural 
digitization and are now an important driver of efforts to narrow 
the urban–rural income gap. In the context of digitization, 
advanced agricultural technologies, information technologies, and 
e-commerce are gradually penetrating rural areas and providing 
farmers with advanced production techniques and methods (Liu 
et al., 2023). The widespread application of digital technologies 
has greatly optimized the mobility of rural capital, land, and 
labor and enhanced the flexibility and precision of agricultural 
industrial development. Assisted by e-commerce, digital financial 
platforms, and big data technologies, farmers can more effectively 
access market information, optimize production decisions, and 
thereby improve their production efficiency and resource allocation 
precision (Wu and Bai, 2023). Improvements in agricultural 
production efficiency have enhanced the competitiveness of 
agricultural development, leading to increases in farmers’ incomes 
and a decrease in the urban–rural income gap. Based on this, we 
propose the following hypothesis: 

Hypothesis 3: Rural digitization accelerates the improvement of 
agricultural production efficiency, thereby narrowing the urban– 
rural income gap. 

4 Empirical analysis 

4.1 Model construction 

In this study, unbalanced panel data from counties in China 
during 2018–2021 are used, and a two-way fixed effects model is 
applied to examine the impact of digital rural development on the 
urban–rural income gap. The model is specified as follows: 

GAPit = constant + βDVIit + γ Cit + μi + δt + εit (1) 

where GAPit represents the urban–rural income gap in county 
i at year t, DVIit is the digital rural index for county i in year t, and 
Cit is a vector of other control variables, including the GDP growth 
rate (GDPGH), development of the primary industry (FIRIN), 
government expenditure (GEXP), loan conditions from financial 
institutions (LOAN), and education level in the county (EDU). 
The model also includes county fixed effects (μi), time fixed effects 
(δt), and an error term (εit). The standard errors of the estimated 
coefficients are clustered at the county level for robustness. 

To ensure the robustness of the results and mitigate potential 
endogeneity issues due to reverse causality, all the dependent 
variables are lagged by one period. Additionally, alternative 
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measures of the urban–rural income gap, instrumental variable 
methods, and regressions that exclude regions with more advanced 
digital rural development are used to validate the results. 

In the mechanism analysis, capital flow and technology flow are 
the dependent variables, and regressions are performed using the 
digital rural index. The specific model is as follows: 

Yit = constant + βDVIit + γ Xit + μi + δt + εit (2) 

where Yit represents the capital flow (CAPIit) and technology 
flow (TFPit) in county i in year t, and Xit includes factors 
such as economic growth, industrial structure, and government 
expenditure. The other variables are the same as in model (1). 

4.2 Variable selection 

Dependent variable: The dependent variable in this study is the 
urban–rural income gap (GAPit). Referring to Chen et al. (2023), 
the urban–rural income gap is defined as the difference between 
the per capita disposable income of urban residents and that of 
rural residents. To eliminate the impact of price fluctuations, both 
urban and rural disposable incomes are adjusted based on the 2017 
price index. To mitigate heteroscedasticity, the natural logarithm of 
the difference between urban and rural disposable income is used. 
Furthermore, the urban–rural income gap is recalculated using 
the log difference between urban and rural residents’ per capita 
disposable income at the county level, and the effect of digital rural 
development on the income gap is re-examined. 

Core independent variable: The core independent variable is 
the Digital Village Index (DVI), developed jointly by the Rural 
Development Institute of Peking University and the Ali Research 
Institute. This index establishes a digital rural indicator system that 
better fits the reality of the “three rural areas” in four aspects: rural 
digital infrastructure (DVI1), rural economic digitization (DVI2), 
rural governance digitization (DVI3), and rural life digitization 
(DVI4). The index, which integrates national macro-statistical data, 
industry data, and Internet big data, reflects the status of county-
level digital rural development. Empirical evaluation of this index 
for counties in China in the years 2018, 2019, and 2020 provides 
an important reference for improving the top-level design and 
implementation of digital rural development plans and accelerating 
the implementation of the rural revitalization strategy, which is 
a more authoritative index reflecting the current level of rural 
digitization in China (Wang et al., 2023). 

Instrumental variables: To address endogeneity issues due to 
reverse causality and omitted variable bias, this study uses the 
average DVI of other counties in the same province (IV1) and 
the distance from the county government to Hangzhou (IV2) as 
instrumental variables for the DVI. Given the economic spillover 
effects between regions, the level of digital rural development in 
other counties within the same province should positively influence 
digital development in the focal county without directly affecting 
the urban–rural income gap (Li, 2024). Therefore, using the average 
DVI of other counties in the province as an instrumental variable 
is valid. The use of the distance from the county government to 
Hangzhou is justified by two factors: first, the development of 
digital finance (represented by Alipay) originated in Hangzhou, a 

region with a high level of development with respect to China’s 
digital economy and digital countryside; as this development 
radiates outward, the county’s spherical distance from Hangzhou 
should be strongly correlated with the level of development of 
its digital countryside (Xiao et al., 2023; Zhang et al., 2024). 
Second, Hangzhou is only one important city in eastern China, 
and the distance to Hangzhou does not determine the county-level 
urban–rural income gap; therefore, the instrumental variable has 
satisfactory exogeneity. As panel data are used in this study and the 
distances from county governments to Hangzhou are fixed values, 
in this paper the distance from each county to Hangzhou is cross-
multiplied with time as an instrumental variable to increase the 
heterogeneity of the instrumental variable in the time dimension. 

Mechanism variables: According to the previous theoretical 
framework, the impact of digital rural development on county 
economic growth may be transmitted through capital flow (CAPI) 
and technology flow (TFP). Following Chen et al. (2023), capital 
flow is measured as the difference between the ratio of year-end 
financial institution deposits to GDP and the ratio of loan balance 
to GDP. The total factor productivity (TFP) in agriculture is used as 
the indicator of technology flow in this study. TFP is calculated as 
described by Shi (2024), using the total cultivated area, agricultural 
workforce, and total agricultural machinery power as inputs and 
the value-added of the primary sector as the output to measure 
changes in county-level agricultural TFP. Additionally, TFP is 
further decomposed into technical efficiency and scale efficiency. 

Other control variables: To control for county-level 
heterogeneity, this study uses the GDP growth rate (GDPGH), 
primary industry development (FIRIN), government expenditure 
(GEXP), loan conditions from financial institutions (LOAN), and 
education level (EDU) as control variables based on research 
by Zhong et al. (2022); Li et al. (2021b); Chen et al. (2024), and 
Munshi and Rosenzweig (2016). The  GDPGH is calculated based 
on the previous year’s figures, while FIRIN is calculated as the ratio 
of value-added in the primary sector to GDP. GEXP is calculated 
as the ratio of local fiscal budget expenditure to GDP. LOAN is 
calculated as the ratio of loans from financial institutions to GDP, 
and EDU at the county level is calculated as the ratio of students in 
general secondary schools to the total resident population. Table 1 
summarizes the variable names, full names, and descriptions in 
more detail, while Table 2 presents the descriptive statistics of the 
sample data. 

Table 2 shows that the average urban–rural income gap between 
2018 and 2020 was 16,475 yuan, with a range of 7,024–33,458 
yuan. In other words, the urban–rural income gap in Chinese 
counties remained substantial, requiring urgent attention. The core 
explanatory variable of this study is the level of rural digitization. 
The average DVI is 55, suggesting that rural digitization in China 
remains in the early stages, with an overall low development level. 
The DVI range of 17–95 reveals the considerable disparity in rural 
digitization across counties in China. 

4.3 Data sources 

The data for this study were collected from diverse sources. 
First, county-level statistical data were collected and compiled from 
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TABLE 1 Descriptions of variables. 

Variables Name Description 

GAP Urban–rural income gap Urban disposable income—per capita disposable income of rural residents 

DVI Digital village index Rural digitization index developed by Peking University New Rural Development Research Institute 
and Ali Research Institute 

CAPI Capital flow County-level deposit balance to GDP at the end of the year—county-level loan balance to GDP at the 
end of the year 

TFP Technology flow Calculated based on the method outlined by Shi (2024) 

GDPGH GDP growth rate (GDP in year t – GDP in year t-1)/GDP in year t-1 

FIRIN Development of the primary industry Value-added of primary industry/GDP 

GEXP Government expenditure Local general budget expenditure/GDP 

LOAN Loans from financial institutions Balance of loans to financial institutions/GDP 

EDU Level of education in the county Number of students in general secondary schools/resident population 

IV1 Instrumental variable 1 Average of the DVI of other counties in the province 

IV2 Instrumental variable 2 Distance between the county government and Hangzhou ∗ year 

TABLE 2 Descriptive statistics of the sample. 

Variables Observations Mean S.D. Min Max 

GAP 2,236 16,475 3,250 7,024 33,458 

Ln (GAP) 2,236 9.690 0.203 8.857 10.418 

DVI 2,760 54.899 11.046 17.310 94.670 

CAPI 2,758 0.137 0.401 −3.293 1.800 

TFP 2,208 1.029 0.125 0.434 2.533 

GDPGH 2,760 0.076 0.124 −0.742 0.989 

FIRIN 2,760 0.181 0.090 0.008 0.610 

GEXP 2,760 0.329 0.294 0.033 3.941 

LOAN 2,759 0.777 0.409 0.146 5.631 

EDU 2,628 0.052 0.016 0.012 0.157 

the China County Statistical Yearbook, various county and city 
statistical bulletins, and government work reports. Second, the 
county-level DVI was computed by the New Rural Development 
Research Institute of Peking University and the Ali Research 
Institute. Third, the spherical distance between each county 
government location and Hangzhou city was calculated based 
on the latitudinal and longitudinal coordinates of the county 
and Hangzhou city governments. After excluding counties with 
significant missing data, the final research sample consisted of 
1,183 counties with unbalanced panel data for the years 2018–2020. 
These data are limited to this period because the core independent 
variable of this paper, the DVI, is only available for these 3 years. 

5 Results analysis 

5.1 Main conclusions 

Table 3 presents the impact of rural digitization on the urban– 
rural income gap. Column (1) does not include any control 

TABLE 3 Main conclusions. 

Variables (1) (2) (3) (4) 

DVI −0.0009∗∗ −0.0014∗∗∗ −0.0017∗∗ −0.0005∗∗∗ 

(0.000) (0.000) (0.001) (0.000) 

GDPGH 0.0685∗ 0.0504 0.0078 

(0.036) (0.036) (0.006) 

FIRIN −0.0916∗ −0.1167 −0.0698∗ 

(0.054) (0.083) (0.040) 

GEXP −0.0323∗ −0.0289 −0.0056 

(0.019) (0.027) (0.008) 

LOAN 0.1199∗∗∗ 0.1163∗∗∗ −0.0111∗∗ 

(0.011) (0.028) (0.005) 

EDU 0.6150∗∗ 0.4687 0.1723 

(0.275) (0.396) (0.160) 

Constant 9.7412∗∗∗ 9.6630∗∗∗ 9.6930∗∗∗ 9.7207∗∗∗ 

(0.021) (0.036) (0.057) (0.014) 

Year FE No No Yes Yes 

County FE No No No Yes 

Observations 2,236 2,160 2,160 2,086 

R-squared 0.003 0.062 0.071 0.991 

Robust standard errors are in brackets. 
∗∗∗ p < 0.01, ∗∗p < 0.05, ∗p < 0.1. 

variables or fixed effects. Column (2) includes control variables, 
Column (3) further controls for the year fixed effect, and Column 
(4) additionally controls for county fixed effects. To reduce 
bias from potential auto-correlation, robust standard errors are 
clustered at the county level. The results show that the estimated 
coefficient of the core explanatory variable, DVI, is positive 
and significant at the 1% level, indicating that rural digitization 
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can significantly reduce the urban–rural income gap. From the 
perspective of economic significance, a one-standard-deviation 
change in DVI leads to a 2.7% reduction in the urban–rural income 
gap, suggesting that rural digitization plays both a statistically and 
economically significant role in promoting rural income growth. 

As mentioned in Section 4.2, the DVI includes four dimensions. 
To test differences in the impacts of different dimensions of 
digital countryside on the urban–rural income gap, the core 
explanatory variables are replaced in turn with DVI1–DVI4, and 
respective re-regressions are run (Table 4). The results show 

TABLE 4 Results of regression on DVI dimensions. 

Variables (1) (2) (3) (4) 

DVI 1 −0.0000 

(0.000) 

DVI 2 −0.0001 

(0.000) 

DVI 3 −0.0002∗∗∗ 

(0.000) 

DVI 4 −0.0002∗∗ 

(0.000) 

Control 
variable 

Yes Yes Yes Yes 

Constant 9.6957∗∗∗ 9.7017∗∗∗ 9.7047∗∗∗ 9.7010∗∗∗ 

(0.013) (0.013) (0.012) (0.012) 

Year and 
country FE 

Yes Yes Yes Yes 

Observations 2,086 2,086 2,086 2,086 

R-squared 0.991 0.991 0.991 0.991 

Robust standard errors are in brackets. 
∗∗∗ p < 0.01, ∗∗p < 0.05. 

that DVI3 (rural governance digitization) and DVI4 (rural life 
digitization) both significantly reduce the urban–rural income 
gap, whereas DVI1 (rural digital infrastructure) and DVI2 (rural 
economic digitization) do not. This finding is similar to that 
of Zhao et al. (2023). The integration of the digital economy 
and rural industries may still be at a low level in this stage, 
and the construction of digital infrastructure is in an early 
stage. Therefore, the application of digital infrastructure and the 
interactions and connections between digital rural new industries, 
new models, and rural livelihoods remain limited (Sun et al., 
2023). 

5.2 Robustness check 

Several methods are used to examine the impact of rural 
digitization on the urban–rural income gap, aiming to ensure 
the robustness of the empirical results and address potential 
endogeneity issues. Column (1) in Table 5 shows the regression 
results when the ratio of the disposable income of rural 
residents to that of urban residents is used as the explanatory 
variable. The results indicate that rural digitization significantly 
increases this ratio, thus significantly reducing the urban–rural 
income gap. Columns (2) and (3) use IV1 and IV2 as the 
instrumental variables. The first-stage F-statistics are greater 
than 10, and the Cragg-Donald Wald F-statistics are 552.721 
and 58.626, which comfortably rule out concerns about weak 
instruments (Stock and Yogo, 2005). In the Hansen J test, the 
p-value is 0.00, indicating the exogeneity of the instrumental 
variables. Moreover, several previous studies have adopted the 
same IVs, further supporting their validity (Bai et al., 2022; 
Liu et al., 2022; Wang et al., 2022). The results suggest that 
rural digitization can significantly reduce the urban–rural income 
gap. Column (4) presents the regression results obtained using 
a one-period-lagged DVI as the core explanatory variable. The 
results show that rural digitization can significantly reduce the 

TABLE 5 Robustness testing. 

Variables (1) (2) (3) (4) (5) 

DVI −0.0002∗ −0.0025∗∗∗ −0.0019∗∗ −0.0009∗∗∗ −0.0006∗∗∗ 

(0.000) (0.000) (0.001) (0.000) (0.000) 

Control variable Yes Yes Yes Yes Yes 

Constant −0.8324∗∗∗ 9.7522∗∗∗ 9.7245∗∗∗ 

(0.011) (0.016) (0.014) 

Year and country FE Yes Yes Yes Yes Yes 

First-stage F 195.05 30.56 

Kleibergen–Paap rk LM statistic 85.676 20.424 

Cragg–Donald Wald F statistic 552.721 58.626 

Hansen J statistic 0.000 0.000 

Observations 2,086 2,086 2,086 1,352 1,985 

R-squared 0.996 0.991 0.990 

Robust standard errors are in brackets. 
∗∗∗ p < 0.01, ∗∗ p < 0.05, ∗p < 0.1. 
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TABLE 6 Heterogeneity test for northern vs. southern regions and 
agricultural vs. non-agricultural strong counties. 

Variables (1) (2) (3) (4) 

DVI −0.0004 −0.0006∗∗∗ −0.0009∗∗∗ −0.0003 

(0.000) (0.000) (0.000) (0.000) 

Constant 9.6197∗∗∗ 9.7933∗∗∗ 9.7726∗∗∗ 9.6836∗∗∗ 

(0.028) (0.015) (0.016) (0.025) 

Control variable Yes Yes Yes Yes 

Year and country FE Yes Yes Yes Yes 

Observations 709 1,377 931 1,032 

R-squared 0.988 0.992 0.992 0.990 

Robust standard errors are in brackets. 
∗∗∗ p < 0.01. 

urban–rural income gap. Considering the regional disparities in 
digital rural development, these results might be largely driven 
by regions with higher levels of digital rural development. 
Therefore, Column (5) shows the results after excluding samples 
from Jiangsu, Zhejiang, and Guangdong. These results are 
similar to those in Table 3, indicating that the study findings 
are robust. 

5.3 Heterogeneity testing 

Given its vast geographic size, China exhibits significant 
differences in resource endowments, economic development, and 
social culture across regions. To further analyze regional differences 
in the impact of rural digitization on the urban–rural income 
gap, this study divides China into southern and northern regions 
according to the classification standards of the National Bureau 
of Statistics of China. Table 6, Columns (1) and (2), represent the 
northern and southern regions, respectively. The results indicate 
that the impact of rural digitization on the urban–rural income gap 
is mainly evident in the southern regions and is not significant in 
the northern regions. This may be due to the relatively high overall 
level of digital economic development in southern China. The levels 
of digital infrastructure, rural economic digitization, governance 
digitization, and digital living have reached a point where they can 
effectively promote rural development and reduce the urban–rural 
income gap. 

Additionally, this study analyzes differences in the impact 
of rural digitization on the urban–rural income gap between 
agricultural and non-agricultural strong counties. Column 
(3) represents agricultural strong counties, and Column 
(4) represents non-agricultural strong counties. The results 
suggest that rural digitization has a more significant impact 
on the urban–rural income gap in agricultural strong 
counties. A possible explanation for this result is that rural 
digitization has driven advances in agricultural technology and 
improvements in agricultural production efficiency, thereby 
increasing farmers’ incomes and narrowing the urban–rural 
income gap. 

Columns (1), (2), and (3) of Table 7, respectively show the 
effects of rural digitization on the urban–rural income gap in 

TABLE 7 Heterogeneity test for eastern, central, and western regions. 

Variables (1) (2) (3) 

DVI 0.0000 −0.0006∗∗ −0.0006∗∗∗ 

(0.000) (0.000) (0.000) 

Constant 9.6800∗∗∗ 9.6157∗∗∗ 9.8622∗∗∗ 

(0.024) (0.030) (0.013) 

Control variable Yes Yes Yes 

Year and country FE Yes Yes Yes 

Observations 299 980 807 

R-squared 0.997 0.982 0.995 

Robust standard errors are in brackets. 
∗∗∗ p < 0.01, ∗∗p < 0.05. 

China’s western, central, and eastern regions. Rural digitization is 
shown to significantly reduce the urban–rural income gap in the 
central and eastern regions but not in the western region. The 
eastern and central regions may have more developed economies 
and higher levels of rural digitization than the western region, 
and the effects of rural digitization in terms of narrowing the 
urban–rural income gap may be manifesting. 

5.4 Mechanism testing 

Table 8 presents the results of regression to determine the 
mechanism through which rural digitization affects the urban– 
rural income gap. The columns under the heading Capital Flow 
examine the roles of capital flow, while those under Technological 
Improvement examine the roles of technological improvement. 

In the Capital Flow section of Table 8, Columns (1), (2), and 
(3), respectively use capital flow (CAPI), the ratio of the county-
level year-end financial institution deposit balance to GDP, and the 
ratio of the county-level year-end financial institution loan balance 
to GDP as the dependent variables. The results indicate that rural 
digitization has no significant effect on these three variables. Rural 
digitization has not led to a significant flow of capital into rural 
areas. The possible reason is that, although rural digitization has 
helped remove barriers to the flow of production factors between 
urban and rural areas, and digital inclusive finance contributes to 
alleviating financial exclusion, the strong “siphon effect” of cities 
on various factors remains prevalent in China. As a result, the 
trend of net outflow of resources from rural to urban areas has 
yet to be reversed (Wang and Wang, 2024). In addition, compared 
to cities, rural areas still lag behind in network infrastructure and 
have relatively low penetration rates of digital devices. Financial 
institutions find it difficult to effectively reach rural households 
and enterprises, thereby reducing the feasibility of urban capital 
investing in rural areas through digital channels (Xiao et al., 
2022). 

In the Technological Improvement (TFP) section of Table 8, 
Columns (1), (2), and (3) examine the dependent variables 
of agricultural TFP, technical efficiency, and scale efficiency, 
respectively. The results show that rural digitization promotes an 
increase in agricultural TFP at the county level, which is mainly 
realized through increased technical efficiency. Rural digitization 
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TABLE 8 Mechanism testing. 

Variables Capital flow Technological improvement (TFP) 

(1) (2) (3) (1) (2) (3) 

DVI 0.0002 0.0002 0.0000 0.0045∗∗∗ 0.0037∗∗∗ −0.0002 

(0.001) (0.001) (0.000) (0.001) (0.001) (0.000) 

Constant 0.2590∗∗∗ 0.2590∗∗∗ −0.0000∗∗∗ 0.3772∗∗∗ 0.4514∗∗∗ 1.0952∗∗∗ 

(0.074) (0.074) (0.000) (0.071) (0.075) (0.023) 

Control variable Yes Yes Yes Yes Yes Yes 

Year and country FE Yes Yes Yes Yes Yes Yes 

Observations 2,549 2,549 2,549 1,413 1,413 1,413 

R-squared 0.972 0.974 1.000 0.318 0.331 0.117 

Robust standard errors are in brackets. 
∗∗∗ p < 0.01. 

TABLE 9 Global Moran’s I of rural digitization and urban–rural income gap. 

Variables Year 2018 Year 2019 Year 2020 

Moran’s I P-value Moran’s I P-value Moran’s I P-value 

Rural digitization 0.522 0.000 0.626 0.000 0.614 0.000 

Urban–rural income gap 0.469 0.000 0.438 0.000 0.459 0.000 

enhances scale efficiency, technical efficiency, and agricultural TFP 
because it is accompanied by the adoption of precision agriculture 
software and IoT sensor devices, which enable more scientific 
management of agricultural production, thereby improving 
technical efficiency (Yin et al., 2021). Moreover, the use of digital 
devices generally requires large-scale operations. The advancement 
of rural digitization promotes agricultural scale operations, which 
improves scale efficiency (Mondejar et al., 2021), and consequently, 
agricultural TFP continues to rise (Gao et al., 2022; Li et al., 
2025). 

5.5 Spatial effects 

Due to the significant networked characteristics of the 
digital economy, it enhances the connectivity of economic 
activities between regions, thereby generating spatial spillover 
effects. Therefore, the impact of rural digitization on the 
urban-rural income gap may be influenced not only by local 
effects but also by spatial spillover effects from other regions. 
This not only involves understanding the relationship between 
rural digitization and the urban-rural income gap but also 
concerns the selection of the appropriate regression model. If 
rural digitization exhibits spatial spillover effects and spatial 
agglomeration characteristics, spatial econometric models should 
be introduced; otherwise, biased conclusions may result. In this 
context, this paper adopts spatial econometric methods to further 
explore the relationship between rural digitization and the urban-
rural income gap. 

To ensure the effective application of spatial econometric 
models, the sample in this study was transformed into balanced 
panel data, resulting in a balanced panel dataset covering 514 

TABLE 10 Spatial regression results. 

Variables Spatial 
proximity 
matrix 

Geographical
distance 
matrix 

Economic 
distance 
matrix 

(1) (2) (3) 

DVI −0.0004 −0.0004∗∗∗ −0.0003∗∗ 

(0.0001) (0.0001) (0.0001) 

LR_Direct −0.0000 −0.0004 −0.0004∗∗ 

−0.0002 (0.0004) (0.0002) 

LR_Indirect −0.0001 −0.0209 −0.0007∗∗ 

(0.0002) (0.1886) (0.0003) 

LR_Total −0.0001 −0.0213 −0.0011∗∗ 

(0.0004) (0.1890) (0.0005) 

rho 0.6964∗∗∗ 0.9702∗∗∗ 0.6786∗∗∗ 

(0.017) (0.015) −0.0267 

Year FE Yes Yes Yes 

County FE Yes Yes Yes 

Observations 1,542 1,542 1,542 

R-squared 0.0720 0.0047 0.0470 

Robust standard errors are in brackets. 
∗∗∗ p < 0.01, ∗∗p < 0.05. 

counties from 2018 to 2020. Furthermore, the core explanatory 
variable, “Rural digitization,” and the dependent variable, “Urban-
rural income gap,” were subjected to Moran’s I-test. Table 9 presents 
the results of the Global Moran’s I-test using a regional adjacency 
matrix as the spatial weight matrix. The results show that the Global 
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Moran index for both the rural digitization index and the urban-
rural income gap is significantly positive at the 1% level, indicating 
a high level of agglomeration and low-level clustering between 
rural digitization and the urban-rural income gap. Therefore, it is 
necessary to further investigate the relationship between these two 
factors from a spatial perspective. 

Table 10 presents the spatial econometric regression results 
on the impact of rural digitization on the urban-rural income 
gap. Three different spatial weight matrices were defined: spatial 
proximity (based on whether geographical areas are adjacent), 
Geographical distance (based on the inverse distance between 
county governments), and Economic distance (based on the inverse 
of the per capita GDP difference between counties in 2018). The 
SAR model was applied to study the impact of rural digitization 
on the urban-rural income gap. The results indicate that, under 
the economic distance spatial weight matrix, the direct effect, 
indirect effect, and total effect coefficients of rural digitization 
are all significantly negative at the 1% level. This confirms that 
rural digitization not only significantly promotes the narrowing of 
the urban-rural income gap within the county but also reduces 
the urban-rural income gap in neighboring counties through 
spatial spillover effects. A comparison of the different spatial 
weight matrices reveals that the economic distance matrix exhibits 
spillover effects, while the spatial proximity and geographical 
distance matrices do not. This suggests that spatial spillover effects 
of rural digitization on the urban-rural income gap are more likely 
to occur between counties with similar economic development 
levels (Shi, 2023). 

6 Conclusion  

The conclusion of this paper is drawn from a study that 
uses panel data from Chinese counties during 2018–2021 and a 
two-way fixed effects model to empirically examine the impact 
of rural digitization on the urban–rural income gap, as well 
as the underlying mechanisms. The findings indicate that rural 
digitization can effectively reduce this income gap, and the 
effect is more pronounced in southern regions, eastern regions, 
central regions, and areas with better agricultural development. 
Mechanistically, rural digitization reduces the income gap mainly 
by promoting technological innovation. Rural digitization does not 
cause more capital to flow into rural areas. 

Based on these findings, the following policy recommendations 
are proposed. First, it is important to adopt localized approaches 
and continuously promote digital rural development. Rural 
digitization remains at a relatively low level in China, with 
significant regional disparities. Efforts should be made to advance 
digital rural development gradually, in a manner suited to each 
region’s unique circumstances. It is necessary to both increase the 
construction of digital infrastructure and thus build a foundation 
for digital village construction and to consolidate “digital + rural” 
application scenarios, thus enabling more residents to benefit 
from the advantages of digital rural construction. For example, 
attention should be paid to promoting the development of smart 
agriculture and how digital technology can improve agricultural 
TFP; additionally, efforts should promote the development of rural 
digital inclusive finance and rural industry and the alleviation of 

rural financing difficulties. Second, attention must be paid to the 
issue of the so-called digital divide in digital rural construction. 
The heterogeneity analysis shows that the varying level of rural 
digitization affects its degree of impact on the urban–rural income 
gap. As a result, efforts are needed to actively explore new 
models of digital rural development and accelerate the bridging 
of gaps in rural digitization across the central, western, and 
northern regions of China, thus, ensuring coordinated nationwide 
development. Further spatial econometric analysis indicates that 
the role of rural digitization in narrowing the urban-rural income 
gap has a significant spatial spillover effect, and this spillover 
is more likely to occur between counties with similar levels of 
economic development. 

However, this study has some limitations. First, due to data 
constraints, the sample does not reflect the situations of all counties 
in China, and the DVI is available only for the 2018–2020 periods, 
which limits the temporal scope of the findings regarding the 
impact of rural digitization on the income gap. Second, digital 
economies often exhibit strong spatial spillover effects. This study 
uses non-balanced panel data; the use of balanced panel data would 
significantly reduce the sample size and preclude a discussion 
of spatial effects. Third, the Gini coefficient and Theil index are 
other important relative indicators of income inequality but are 
not considered in this study. Future studies could combine these 
relative indicators to conduct a more comprehensive measurement 
and decomposition analysis of urban–rural income inequality. 
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