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Abstract: The rapid development of digital technology has provided new opportunities for rural 
labor non-farm employment and income growth, thereby offering a viable pathway to narrow the 
income gap. This paper focuses on the impact mechanisms of digital technology infrastructure on 
rural labor employment and income gap in China since 2012. A dual analytical framework combining 
macro- and micro-level perspectives is adopted. Provincial panel data (2012-2023) are used to assess 
the aggregate impact of digital technology on income gap, and individual-level data from the China 
Family Panel Studies (CFPS) are employed to investigate how digital technology adoption facilitates 
the transition of rural labor to non-farm employment. The results indicate that digital technology 
significantly narrows the urban-rural income gap, with each unit increase in digital technology 
advancement corresponding to an approximately 11.9% reduction in the income disparity. 
Furthermore, digital technology substantially promotes non-farm employment--the adoption of 
digital tools increases the probability of non-farm employment by 20.13 percentage points. 
Specifically, the contributions of information acquisition channels and skill enhancement channels to 
non-farm employment are 2.26% and 6.91%, respectively. This study provides theoretical and 
empirical foundations for future policy research on digital technology popularization and rural labor 
employment. 

Keywords: digital technology; non-farm employment; urban-rural income gap; sustainable 
development  
 

1. Introduction 

Narrowing the urban-rural income gap serves as a critical pathway to driving sustainable 
development and realizing common prosperity [1,2]. Since reform and opening-up, China’s economy 
has grown rapidly, with its GDP expansion consistently outperforming global averages. Through 
sustained government efforts, China's urban-rural income ratio has narrowed from 2.88 in 2012 to 
2.34 in 2024, demonstrating continuous convergence in income distribution patterns [3]. However, 
the issue of urban-rural income gap remains fundamentally unresolved [4–7]. During the same 
period, the Gini coefficient has consistently exceeded 0.45, indicating that inequality remains 
pronounced. In particular, the low-income population is predominantly concentrated in rural areas. 
Therefore, enhancing rural low-income groups' earnings and thereby narrowing the urban-rural 
income gap are the key priorities for promoting balanced development in the future. 

The rapid development of digital technology offers a highly promising solution. Its application 
is transforming socioeconomic operations, particularly creating new opportunities for labor 
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employment and income growth in rural areas. Through continuously deepening the integration of 
digital technology with the real economy and advancing digital industrialization, China has achieved 
sustained expansion of its digital economy. In 2023, the digital economy accounted for 42.8% of GDP 
[8], providing a strong impetus for the sustained and healthy development of the society. As the 
foundational support for the digital economy, digital technology infrastructure has achieved leapfrog 
development. As of 2024, China's mobile phone penetration rate reached 127.1%, with internet 
penetration at 78.6% [9]. The Internet penetration rate in rural areas has also reached 67.7%, indicating 
that the gap between rural and urban digital technology infrastructure has significantly narrowed. 
The proliferation of digital technology infrastructure has provided rural laborers with increased non-
farm employment opportunities. By offering low-cost and low-barrier access to capital accumulation 
channels, it has enabled their shift to secondary and tertiary industries, thereby enhancing labor 
market participation. In this context, examining digital technology's impacts on the urban-rural 
income gap and rural non-farm employment holds significant theoretical and practical importance. 

The digital economy constitutes a more advanced economic stage following agricultural and 
industrial economies. The impact of the digital economy on the urban-rural income gap has attracted 
significant scholarly attention [10–20]. Related research can be mainly divided into three categories: 
The first perspective argues that the digital economy alleviates the urban-rural income gap by 
enhancing agricultural productivity and migrant workers' wages [12,13]. The narrowing effect is 
particularly pronounced in regions with more advanced digital infrastructure and greater human 
capital endowment. Deichmann et al. demonstrated in developing countries that information and 
communication technology promotes farmers' entrepreneurship by reducing transaction costs [14]. 
Yin et al. pointed out that the prosperity of e-commerce has played a positive role in narrowing the 
urban-rural income gap [15]. The second perspective posits that digital economic development 
stimulates urban economic growth, thereby indirectly widening the disparity [16]. The authors in [17] 
and [18] also indicate that the application of digital technology is often accompanied by technological 
barriers, disproportionately preventing rural areas from fully benefiting from the digital economy 
and thereby widening the income gap. The third perspective posits an inverted U-shaped 
relationship between the digital economy and the urban-rural income gap [19,20]. Simon et al. 
pointed out that in the early stages of economic development, income distribution tends to 
deteriorate initially, then gradually improves with sustained growth, ultimately achieving relative 
equity [21]. This is termed the Kuznets Curve. In summary, the widening income gap primarily stems 
from inadequate penetration of digital technology in rural areas. Over the long run, as rural digital 
adoption progresses, the widespread application of new-generation digital technologies (e.g., AI and 
big data) will further enhance production efficiency and optimize resource allocation, thereby 
contributing to narrowing the urban-rural income gap. 

Non-farm employment is recognized as a pivotal pathway for narrowing the urban-rural income 
gap. The literature [22] has found that such employment not only directly increases farmers' income 
but also generates positive redistributive effects on neighboring regions through spatial spillover 
mechanisms. Research [23] has demonstrated that digital finance development enhances financing 
accessibility for rural entrepreneurs, stimulating entrepreneurial activities that thereby drive non-
farm employment expansion. Digital infrastructure development is the cornerstone of the digital 
economy. Tian et al. demonstrated that broadband network penetration significantly boosts county-
level employment rates [24]. Atasoy et al. analyzed the U.S. data, revealing that broadband internet 
access increased employment by 1.8 percentage points, with amplified effects in rural and remote 
areas [25]. Wang et al. constructed a theoretical model elucidating the underlying mechanisms 
through which internet adoption promotes rural labor transition to non-farm employment, showing 
a 7.9 percentage points increase in non-farm employment probability among internet-using rural 
workers [26]. The digital technology facilitates rural non-farm employment through multiple 
channels. Firstly, the information acquisition channel enables rural laborers to access real-time urban 
labor market dynamics via internet penetration, thereby enhancing their job search capabilities and 
employment success rates [26,27]. Secondly, the skill enhancement channel provides skills training 
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and educational opportunities, which strengthen rural workers' competitiveness and enable them to 
secure higher-paying positions [23]. Jiang et al. analyzed the impact of the digital economy on urban-
rural income disparities, identifying human capital as a moderating variable that positively regulates 
this relationship [28]. Additionally, digital technology alleviates employment pressures in traditional 
sectors while driving industrial upgrading and occupational diversification [24].  

Overall, existing studies on the impact of digital technology on income gap mostly focus on 
changes since the reform and opening up, covering a longer period of time. At the same time, their 
characterization of digital technology development remains incomplete, often relying solely on 
internet penetration rates. Additionally, empirical studies rigorously assessing digital technology's 
impact on non-farm employment are relatively scarce. In contrast, this study focuses on data from 
2012 to 2024 (the new period), during which China's rural digital technology infrastructure has 
undergone rapid development. This study establishes macro-level digital technology evaluation 
criteria, deriving more objective indicators through principal component analysis (PCA). Moreover, 
empirical validation employs micro-level China Family Panel Studies (CFPS) data, while 
incorporating a comprehensive assessment of digital technology across both mobile and desktop 
platforms. The main contributions can be summarized as follows:  

(1) A more comprehensive digital technology development indicator system is established. 
Macro-level data are analyzed via PCA to assess digital advancement, while micro-level technology 
accessibility is systematically evaluated across both mobile and desktop platforms. 

(2) A regression model between digital technology and income gap is constructed, along with 
mediating effect model linking digital technology to non-farm employment. A dual-channel 
mediation mechanism (information acquisition and skill enhancement) is proposed, revealing digital 
technology's role as an enabling tool in transforming rural employment patterns, thereby establishing 
transmission mechanisms that narrow income gaps. 

(3) An integrated macro-micro analysis is conducted by combining provincial panel data (macro) 
with individual CFPS data (micro), revealing digital technology’s multi-level impacts on income gap 
and non-farm employment. 

The remainder of this paper is structured as follows. Section 2 presents an in-depth analysis of 
digital technology development, based on which two research questions are formulated. Section 3 
offers the research assumptions based on the analysis of the current situation of urban-rural income 
gap and non-farm employment. In Section 4, analytical models are established to examine the impacts 
of digital technology on income gap and non-farm employment. Section 5 details the empirical data 
processing and analysis. Finally, Section 6 concludes the paper, offers theoretical and managerial 
implications and suggests directions for future research. 

Following is the research framework of this study, as shown in Figure 1. 
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Figure 1. The framework of this study. 

2. Problem Formulation 

Digital technology and digital economy represent the forefront of current global technological 
and industrial revolutions. Digital economy is a more advanced economic stage following 
agricultural and industrial economies [29]. Figure 2 illustrates the composition of the digital economy. 
Digital economy can be categorized into digital industrialization and industrial digitization. For a 
long time, China has persistently facilitated the deep integration of digital technology with the real 
economy. The continuous development of both digital industrialization and the digital economy has 
provided strong impetus for the sustained and healthy development of the society.  

According to continuous tracking research by the China Academy of Information and 
Communications Technology (CAICT), China's digital economy has entered an accelerated 
development stage since 2012. Its scale has expanded from 11.2 trillion yuan in 2012 to 53.9 trillion 
yuan in 2023, with its proportion of GDP exceeding 42.8%. The contribution rate of digital technology 
to economic growth has consistently risen to over 66%. It serves as both a critical pillar and an 
essential driving force for the national economy [8]. 

Serving as the foundational support for the digital economy, digital infrastructure has also 
achieved leapfrog development across domains. During the 13th Five-Year Plan period (2016-2020), 
China has further promoted the development of the digital economy. The digital infrastructure has 
been continuously improved. Moreover, the cultivation of emerging formats and innovative models 
has been accelerated. These developments have achieved positive results in promoting digital 
industrialization and industrial digitization. 
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Figure 2. Schematic Diagram of the Composition of the Digital Economy. 

In 2020, China constructed the world's largest fiber-optic and fourth-generation (4G) mobile 
communication network. The construction and application of fifth-generation (5G) mobile 
communication networks have also been accelerated. This has significantly increased the 
penetration rate of broadband users, with fiber-optic subscribers exceeding 94% of total users, 
mobile broadband penetration reaching 108%, and active Internet Protocol version 6 (IPv6) users 
attaining 460 million. The 14th Five-Year Plan for the Development of the Digital Economy also 
points out that it is necessary to accelerate the construction of information network infrastructure 
and build intelligent, comprehensive digital infrastructure. 

Figure 3(a) shows the penetration rate of mobile phones in China since 2012. It demonstrates a 
significant upward trend that has become particularly pronounced with year-by-year increases after 
2020. Figure 3(b) presents the internet penetration rates in China's urban and rural areas. As shown 
in Figure 3(b), the rural internet penetration rate has been continuously increasing with a rapid 
growth rate, while the gap between rural and urban internet penetration rates is gradually narrowing. 
Between 2018 to 2019, there was a notable increase in the rural internet penetration rate, with the 
growth rate reaching as high as 37%. It is evident that China's digital infrastructure is currently 
developing rapidly. With a strong emphasis on balanced development across regions, the disparity 
between rural and urban areas continues to diminish. The rapid advancement of digital technology 
has enabled residents in impoverished regions to gain access to shared digital dividends, thereby 
laying the foundation for comprehensively advancing digital rural development.  

Behind this technology-driven growth, two critical research questions are emerging:   
Question 1 (Q1): Does the expansion of digital infrastructure genuinely achieve inclusive development 

and stimulate rural economic growth?   
Question 2 (Q2): How does digital technology facilitate income improvement for rural laborers? 
For Q1, this paper adopts the urban-rural income gap as the dependent variable and uses digital 

technology infrastructure development as the independent variable to analyze its impact on the 
urban-rural income disparity. For Q2, this paper investigates the micro-individual level by targeting 
the rural labor force as research subjects. It analyzes how digital technology development facilitates 
rural laborers' non-farm employment through two channels - information acquisition and skill 
enhancement - thereby increasing personal income. 
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(a) 

 
(b) 

Figure 3. Popularization Rate of Internet and Mobile Telephone from 2012 to 2024 in China. (a) Popularization 
Rate of Mobile Telephone (set/100 persons). (b) Popularization Rate of Internet. 

3. Research Hypothesis 

3.1. The Impact Mechanism of Digital Technology on Income Gap  

Figure 4 presents the per capita disposable income (PCDI) for urban and rural residents and 
their ratio from 2012 to 2024 in China. From Figure 4(a), both urban and rural PCDI have 
demonstrated consistent annual growth, reflecting a long-term improvement in living standards. 
Figure 4(b) reveals a decline in the urban-rural income ratio from 2.88 in 2012 to 2.34 in 2024. It 
signifies a progressive reduction in regional income inequality and underscores the substantive 
achievements in balanced interregional development.  
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(a) 

 
(b) 

Figure 4. PCDI and ratio between urban and rural areas. (a) Urban and rural PCDI. (b) Ratio of urban and rural PCDI. 

Further, Table 1 presents the PCDI of urban and rural households by income quintile in 2024. The 
income ratio of PCDI of highest 20% households between urban and rural approximates 2.11. The PCDI 
of lowest 20% households between urban and rural reaches 3.33. Regionally, the income disparity of 
rural highest 20% households and the rural lowest 20% households reveal a 9.95-fold gap. The income 
disparity of urban highest 20% households and the urban lowest 20% households reveal a 6.32-fold gap. 
Particularly, the ratio of PCDI between the urban highest 20% households and the rural lowest 20% 
households reaches about 21.03 times. This demonstrates that significant income disparities persist both 
within urban areas and rural communities, with rural income inequality being particularly pronounced.  

Table 1. PCDI by Income Quintile in 2024. 

PCDI of households by income 
quintile  

Urban households 
 (yuan) 

Rural households 
 (yuan) 

Ratio 

Lowest 20% Income Households  18003 5410 3.3277 

Second 20% Income Households  33351 13298 2.5080 
Third 20% Income Households  48508 19337 2.5086 

Fourth 20% Income Households  68151 27060 2.5185 
Highest 20% Income Households  113763 53805 2.1144 
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In summary, while the urban-rural income gap has been narrowing annually, disparities 
between high- and low-income groups remain substantial within both urban and rural areas. The 
chronic low-income levels among the rural low-income population play a critical factor in urban-
rural inequality. Improving the income of rural low-income groups constitutes both the key challenge 
and priority for promoting balanced development in the future.  

It is worth studying whether digital technology is able to serve as a pivotal instrument to resolve 
this structural stagnation, increase rural residents' income and narrow the urban-rural income gap. 
With the continuous development of digital technology, digital dividends may gradually shift 
toward rural areas, thereby narrowing the urban-rural income gap. Theoretically, digital technology 
development can reduce costs in the real economy and improve efficiency, while simultaneously 
promoting precise supply-demand matching. Firstly, digital technology decreases information 
acquisition costs. Digital technology changes the traditional information acquisition methods and 
substantially reduces expenses for obtaining relevant information. Secondly, it significantly reduces 
resource matching costs. By bridging online and offline spaces, digital technology can address 
information asymmetry among urban-rural workers. It greatly reduces the costs of resource 
discovery, contract signing, and supervision and implementation. 

As summarized in Section 1, existing research indicates that digital technology expansion may 
exacerbate such gaps during initial phases, yet technological maturation and institutional refinement 
progressively narrow these disparities over time. The primary cause of widening income disparities 
lies in accessibility differences of workers to digital technology. Given that the gradual increase in 
rural internet penetration rates in China is approaching urban internet penetration levels, the 
widening effect is expected to diminish progressively. Based on this, the following hypothesis is 
proposed:  

Hypothesis 1 (H1): Digital technology development can narrow the urban-rural income gap. 

3.2. The Impact Mechanism of Digital Technology on Rural Labor Non-Farm Employment 

China's economic structure is characterized by a distinct urban-rural dual system [30]. In this 
structure, non-farm employment demonstrates significantly higher economic returns compared to 
agricultural employment. This structural divide is widely regarded as the root cause of the persistent 
urban-rural income gap. Rural household incomes, for instance, are predominantly composed of two 
sources: income from off-farm labor and agricultural production. With the advancement of 
agricultural modernization, a substantial rural labor force has been released from agricultural 
production. In pursuit of higher wages, these workers progressively transition from agriculture to 
secondary and tertiary industries, entering non-farm employment sectors. Massive research 
demonstrates that non-farm employment has made significant contributions to China's economic 
development [22–29]. Rural laborers' participation in non-farm employment is a crucial pathway to 
narrowing income disparities. 

 Rural Labor Force refers to individuals with household registration in rural areas, aged 16 and 
above (excluding students currently enrolled in formal education), who are physically capable of 
working [32]. They are counted in the statistics whether currently working (farm/non-farm) or 
temporarily unemployed but still able to work. Rural Migrant Workers denote laborers who retain 
rural household registration and engage in non-farm industries locally or work outside their 
hometown for six months or longer in a year. As defined, Rural Migrant Workers are those engaged 
in agricultural activities locally or participated in non-farm employment outside their hometown. As 
a product of the urban-rural dual system, Rural Migrant Workers represent a special group 
transitioning from rural areas to urban sectors or non-farm industries. They play a pivotal role in 
rural revitalization, economic stability, and narrowing the urban-rural income gap [31].  

Based on annual data from China's National Bureau of Statistics and the Migrant Worker 
Monitoring and Survey Report [32], as shown in Figure 5(a), the proportion of rural migrant workers 
in China's total employed population from 2012 to 2024 are calculated. Clearly, this proportion has 
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demonstrated a persistent upward trend, indicating that rural migrant workers are playing an 
increasingly vital role in China's economic development.  

 
(a) 

 
(b) 

Figure 5. The number of migrant workers in China from 2012 to 2024. (a) Proportion of migrant workers in total 
employment. (b)The number and growth rate of migrant workers. 

Furthermore, Figure 5(b) shows the number of rural migrant workers and their annual growth 
rates. Additionally, the paper counted the proportion of rural migrant workers in secondary and 
tertiary industries from 2012 to 2023 (data for 2024 remains unpublished), with results displayed in 
Figure 6. 
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Figure 6. Proportion of migrant workers employed in the secondary and tertiary industries from 2012 to 2023. 

From Figure 5 and 6, the following conclusions can be drawn:  
 (1) The total number of migrant workers has been increasing and has a rising share of total 

employment. Under agricultural modernization, a sea of rural laborers has been liberated from 
agricultural production. In 2024, the migrant worker population reached 299.73 million in China. 
Accounting for 40.8% of total employment, their contribution to economic growth becomes 
increasingly significant. Except for a notable decline in 2020 (primarily due to the COVID-19 
pandemic leading to widespread production halts and the return of migrant workers to agricultural 
activities), the total number of migrant workers has maintained a continuous upward trend. 

(2) The proportion of migrant workers in the tertiary industry continues to rise.   From an 
industrial perspective, massive rural surplus laborers engage in non-farm employment and transition 
to the secondary and tertiary industries. In 2023, 45.5% of migrant workers were employed in the 
secondary industry, and 53.8% worked in the tertiary industry. From 2012 to 2023, employment in 
the secondary industry consistently declined. In contrast, employment in the tertiary industry 
steadily increased and surpassed the former as early as 2018. 

For individuals, digital technology promotes non-farm employment through two primary ways, 
as illustrated in Figure 7. On the one hand, digital technology can enhance non-farm employment via 
improved information access. When digital technology is underdeveloped, many migrant workers 
have to seek employment through informal channels. It makes them vulnerable to deception and 
difficult to secure appropriate employment opportunities. However, the development of digital 
technology facilitates information dissemination and communication. It significantly removes the 
information barrier and information asymmetry in the labor market. This beneficial influence not 
only helps rural laborers to find abundant employment opportunities and understand labor market 
demands, but also motivates rural laborers to engage in non-farm employment and expands their 
access to information sources. On the other hand, digital technology enhances non-farm employment 
opportunities through increasing skill acquisition channels. Rural workers can acquire employment 
skills via digital technology, consequently improving their employability. Furthermore, they can 
engage in emerging employment models such as e-commerce entrepreneurship, online live-
streaming, and short video production. Enhancing rural residents' digital skills and comprehensive 
competencies not only strengthens their adaptability to technological innovations but also elevates 
their employability in the digital economy era. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 9 April 2025 doi:10.20944/preprints202504.0805.v1

https://doi.org/10.20944/preprints202504.0805.v1


 11 of 22 

 

Development of the digital technology

Skill improvement cHannels
Expand social networks, improve skills and increase 

employment opportunities

Information acquisition channels

Easy access to information, lower employment barriers

Income gap has changed

The probability of non-farm employment increased

 

Figure 7. The impact mechanism of digital technology on non-farm employment. 

As evidenced above, it can be inferred that the development of inclusive digital infrastructure 
has provided rural workers with enhanced non-farm employment opportunities. Information access 
channels and skill acquisition channels constitute the key mechanisms through which digital 
technology application facilitates employment among migrant workers. By promoting non-farm 
employment through information acquisition and skill enhancement channels, digital technologies 
contribute to narrowing income gaps indirectly. Based on this, this study proposes the following 
hypotheses.  

Hypothesis 2 (H2): Digital technologies can promote non-farm employment among rural migrant workers.  

Hypothesis 2a (H2a): Digital technologies promote non-farm employment of migrant workers through 
information acquisition channels.  

Hypothesis 2b (H2b): Digital technologies promote non-farm employment of migrant workers through skill 
enhancement channels. 

4. Model Construction 

4.1. Impact Model of Digital Technology on Urban-Rural Income Gap 

According to the analysis in the Section 4, it is assumed that the use of digital technology can 
narrow the urban-rural income gap. Based on macro-level provincial data in China, the following 
regression model is established: 

0 1 2 iit it it i ttGap Digital Control S Tα α α ε= + + + + +  (1) 

where i and t denote the province and year variables respectively; itGap  represents the urban-rural 
income gap for province i in year t; itDigital denotes the digital technology level; itControl  refers to 
the set of control variables; iS and tT  indicate province fixed effects and time fixed effects 
respectively; itε  is the random error term. If the estimated coefficient 1α is significantly negative, it 
demonstrates that digital technology significantly narrows the urban-rural income gap, thus 
confirming Hypothesis 1. 

The explained variable is the urban-rural income gap. Current methods for measuring income 
disparities mainly include the income ratio, Theil index [33], and Gini coefficient [34,35]. This paper 
adopts the ratio of urban PCDI to rural PCDI as the measurement standard, as follows： 

urban

rural

I
Gap

I
=  (2) 

where urbanI  and ruralI  represent the urban PCDI and the rural PCDI respectively.  
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The core explanatory variable is the development level of digital technology. The scientific and 
reasonable measurement of digital technology is crucial. Literature [18] measures the regional digital 
technology development by analyzing the term frequency of digital-related keywords in provincial 
government work reports. Literature [36] uses internet usage to indicate the development level of 
digital technology. In contrast, this paper selects four indicators associated with digital technology 
infrastructure as shown in Table 2. The internet infrastructure level and equipment penetration rate 
are comprehensively measured. The variables include popularization rate of mobile telephone, broad 
band subscribers of internet, mobile internet subscribers, and the computers used per 100 persons. In 
order to avoid the error caused by the subjectivity of the index, the PCA is introduced to determine 
the weight of the index. The principle of PCA can be explained as follows: 

Table 2. Index Variable Selection. 

Index layer Unit 
Popularization rate of mobile telephone set/100 persons  

Broad band subscribers of internet 10000 subscribers  
Mobile internet subscribers 10000 subscribers  

Computers used per 100 persons unit 

Suppose the original data matrix is n 4×∈X  , where n is the number of samples. Firstly, we 
standardize each variable: 

, 1,..., ; 1,.., 4ij j
ij

j

X
Z i n j

µ
σ
−

= = = , (3) 

where ijX  is the original value of the i-th sample on the j-th variable, 
1

1 n
j iji

X
n

µ
=

= ∑  and 

( )2

1

1
1

n
j ij ji

X
n

σ µ
=

= −
− ∑  represent the mean and the standard deviation of the j-th variable, 

respectively. ijZ  is the standardized value. The covariance matrix of the standardized data matrix 

Z  is as follows: 

4 41
1

T

n
×= ∈

−
C Z Z  , (4) 

Then, perform eigenvalue decomposition on the covariance matrix, which can be eigenvalue 
decomposited as follows:  

T=C VΛV  (5) 

where ( )1 2 3 4diag , , ,λ λ λ λ=Λ  is the eigenvalue matrix and [ ]= 1 2 3 4V v , v , v , v  is the eigenvector 
matrix.. Without loss of generality, the eigenvalues kλ  are in the descending order ( 1 2 3 4λ λ λ λ≥ ≥ ≥ ), 

and each corresponding eigenvector is denoted by [ ]1 2 3 4, , , T
k k k kv v v v=kv . 

The variance contribution rate can be expressed as 

4

1

k
k

ki

G
λ

λ
=

=
∑

 (6) 

And the cumulative variance contribution rate can be written as 

1
0 4

1

k
ki

k

ki

G
λ

λ
=

=

= ∑
∑

 (7) 
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The contribution rate of the cumulative equation determines the number of principal 
components to be retained. The standard threshold of cumulative contribution rate typically set at 
70%. 

Finally, selecting the first k principal components, the score of the i-th sample on the j-th 
principal component is: 

4

1
, 1, 2,..., ; 1, 2,...,ij im jm

m
F Z v i n j k

=

= = =∑  (8) 

In terms of control variable selection, with reference to research literature [26], this paper selects 
income gap-related variables including GDP per capita, industrialization level, and education level. 
In those related variables, industrialization level is defined as the ratio of industrial added value to 
GDP, and education level is defined as the ratio of the number of higher education students to the 
permanent population.  

4.2. Mechanism Model of Digital Technology Promoting Non-Farm Employment 

This subsection examines how digital technology facilitate non-farm employment of rural labor 
forces at the micro level. The CFPS data are utilized. This nationwide social tracking survey project 
collects longitudinal data across three levels (individual, household, and community), reflecting 
transformations in Chinese society, economy, population, education, and health. 

Firstly, the mediating effect model of information acquisition and skill improvement channels is 
established： 

1,1, 2 10 1,1 ,i i ii Digital ControlInfo εβ β β= ++ +  (9) 

2,0 2 21 ,2 ,2, i ii iDigital ControlSkill ββ εβ= + ++  (10) 

where iInfo  and iSkill  represent information acquisition capability and skill enhancement 
capability of individual i, respectively. iDigital  denotes the accessibility of digital technologies for 

individual i. iControl  stands for control variables. 1,iε  and 2,iε  are the stochastic error term, 

respectively. 1,1β  and 2,1β  are coefficients for information acquisition channels and skill 

enhancement channels correspondingly. If condition 1,1 0β >  is met, Hypothesis H2a is validated; if 

condition 2,1 0β >  is satisfied, Hypothesis H2b is substantiated. Then, one can obtain 

0 1 2i i I iS ii iNonfarm Info SkillDigital Controlβ β β β εβ+ += + + +  (11) 

The dependent variable non-farm employment is a binary variable. Under the assumption of 
normally distributed error terms, the following Probit model is established: 

0 1 2 )1( ) (i i i iP DigitaNonfa l Controrm lγ γ γ ε+= = Φ + +  (12) 

where Φ  is the cumulative distribution function (CDF) of the standard normal distribution. 
iNonfarm represents the observed value of non-farm employment for individual i. 1γ  captures the 

total effect of internet use, reflecting its marginal effect on the probability of non-farm employment. 
( )0,1i Nε ∼  is the stochastic error term following a normal distribution. 

This paper takes rural residents with household registration as the analytical sample. The 
dependent variable is defined based on the respondent's primary occupation, where engagement in 
non-farm employment is assigned a value of 1. For the core explanatory variable digital, we adopt 
"whether access internet" as the measurement criterion. Both mobile devices and computers are 
considered simultaneously. If one of the two methods answers' yes', then digital=1, i.e., 

( )max ,i i iDigital M C=  (13) 

where iM  and iC  represent the network availability on mobile and computer devices, respectively. 
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For mediating variables, we employ the CFPS item "importance of the internet as an information 
channel" to measure information acquisition channels, and use "perceived importance of the internet 
for learning" to gauge skill enhancement channels. The selection of control variables mainly considers 
the individual level factors that affect the ability to use technology and employment opportunities, 
such as age, gender, health status, etc. The age limit is between 16-65 years old in rural labor force.  

5. Empirical Analysis 

5.1. Macro-Data Analysis  

5.1.1. Data Source and Preprocessing  

This paper selects panel data from 31 provinces in China spanning 2012 to 2023. The data were 
sourced from the China Statistical Yearbook, Statistical Bulletin on National Economic and Social 
Development, and Migrant Workers Monitoring Survey Report published by the National Bureau of 
Statistics of China. Given the presence of missing values in the original dataset, this paper calculate 
these values using interpolation as succedaneum. The variable descriptions are shown in the Table 3. 

Table 3. Variable Descriptions. 

Variable type Symbol Variable name Metric method 
Explained variable Gap Urban-rural income gap Equation (2) 

Explanatory 
variable 

Digital Digital technology Calculation by PCA 

Control Variable 

GDP Per capita GDP Take logarithm of provincial GDP 
Industrialization Industrialization Level Industrial added value / GDP 

Education Educational Level 
Number of students in colleges and 

universities / Permanent resident 
population 

The results of PCA are shown in Table 4. The variance contribution rates of 1λ  and 2λ  are 
53.93% and 40.45%, respectively. The cumulative contribution rate is 94.38%, indicating that retaining 
the first and two principal components can fully capture information. As shown in Table 4, the first 
principal component (Comp1) is positive in all variables, reflecting the level of comprehensive digital 
technology. The second principal component (Comp2) has the highest load on the number of 
computers used per hundred people, which represents the difference in the popularity of 
infrastructure hardware. Then the digital technology can be obtained by the following formula: 

1 2
1 2

1 2 1 2

Digltal pc pcλ λ
λ λ λ λ

= +
+ +

, (14) 

where 1pc and 2pc  denote the first principal component and the second principal component, 
respectively. 

Table 4. Statistical results of PCA on digital technology indicators. 

Statistical indicators Principal components 

Component  Eigenvalue Proportion（%） 
Popularization 
rate of mobile 

telephone 

Broad band 
subscribers of 

internet 

Mobile 
internet 

subscribers 

Computers 
used per 100 

persons 
Comp1 2.15737 53.93 0.499 0.562 0.555 0.357 
Comp2 1.61783 40.45 0.489 -0.415 -0.428 0.636 

The average digital technology index of each province is shown in the Figure 8(a). The top five 
provinces are Beijing, Shanghai, Guangdong, Zhejiang and Jiangsu. Jiangxi Province ranks last. Take 
the three provinces with digital technology ranking 1, 16 and 31 respectively, this study draw the 
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change trend of digital technology index over time. The results are shown in Figure 8(b). It is obvious 
that the digital technology index of each province has increased steadily.  
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Figure 8. Statistics on the development of digital technology. (a) Average digital technology index of each 
province. (b) Digital technology trends from 2012 to 2023. 

5.1.2. Regression Effect Analysis  

The descriptive statistics corresponding to the variables in Table 3 are given in Table 5. The mean 
value of digital technology is 0, and the variance is close to 1. 

Table 5. Statistical description of variables corresponding to Table 3. 

Variable Obs Mean Std Min Max 
Digital 372 1.04e-09 1.0008 -1.7873 3.4585 

Gap 372 2.5130 0.38139 1.7048 3.6461 
GDP 372 9.8543   1.0010 6.5655 11.8180 

Industrialization 372 0.3179 0.0873 0.0705 0.5418 
Education 372 0.0214 0.0062 0.0085 0.0437 
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Through the Hausman test, the fixed effects (FE) model is selected to examine the impact of 
digital technology on income gap. The results are presented in Table 6, with the pooled ordinary least 
squares (OLS) model serving as a reference [38]. In Table 6, it is referred to as Model (1). 

Model (2) excludes control variables. The statistically significant coefficient on digital ( 1α = -
0.207, p<0.01) demonstrates that digital technology adoption exerts a significant narrowing effect on 
the income gap. Control variables are added to the models (3)-(5) in turn. The results show that the 
digital coefficient is negative in all models, indicating that the higher the level of digital technology 
development, the smaller the income gap. This verifies that the digital technology plays a positive 
role in narrowing the income gap. Thus, Hypothesis H1 is supported. 

The control variables such as per capita GDP, industrialization level and education level also 
play positive roles in narrowing the income gap. Model (4) shows that the regression coefficient of 
digital technology is -0.119, which implies the income gap will be reduced by about 11.9% for each 
unit of digital technology. In (5), education level plays the most significant role in narrowing the 
income gap, and the regression coefficient of digital technology is -0.055. It shows that education 
mediates the role of digital technology (digital technology can indirectly narrow the gap by 
improving the level of education).  

In the next section, this paper will continue to analyze how digital technology can promote the 
non-farm employment of rural labor force and narrow the income gap from the micro individual 
level. 

Table 6. Benchmark regression results. 

Variable Model (1) OLS Model (2) Model (3)  Model (4) Model (5) 

Digital -0.050*** -0.207*** -0.076*** -0.119*** -0.055* 
(0.017) (0.016) (0.027) (0.032) (0.031) 

GDP -0.094***  -0.329*** -0.299*** -0.252*** 
(0.015)  (0.052) (0.057) (0.060) 

Industrialization 
-0.146   -0.800*** -0.663** 
(0.221)   (0.279) (0.303) 

Education 
-26.091***    -17.228*** 

(2.862)    (3.138) 

Constant 
4.048*** 2.513*** 5.757*** 5.718*** 5.573*** 
(0.109) (0.000) (0.515) (0.575) (0.581) 

Time fixed  control control control control control 
Provincial fixed control control control control control 

N 372 372 372 372 372 
R-squared 0.405 0.711 0.770 0.787 0.819 

Note: Standard errors in parentheses * p < 0.1, ** p < 0.05, *** p < 0.01. 

5.1.3. Model Robustness Test  

After regression analysis, the robustness test was performed. First, endogenetic treatment is 
carried out. The benchmark regression may be biased due to the two-way causal relationship between 
digital technology and income gap, endogenous problems such as variable measurement errors or 
missing variables. Model (2) in Table 7 shows the results of instrumental variable regression. Using 
the lagged one-year digital technology index as the instrumental variable, after controlling for 
endogeneity of the digital technology index, its effect on narrowing the income gap is still significant 
(coefficient 1α  = -0.102, p<0.05). The F-statistic in the first stage is greater than the critical value of 10, 
meeting the requirements for instrumental variable correlation. It shows that the estimated coefficient 
of digital technology is still significant, and the previous conclusion is reliable. After 1% tail reduction 
treatment, the coefficient of education expenditure decreased from -17.2 to -17.1, as shown in model 
(3), and its negative impact was still highly significant (p<0.01). The coefficient of digital technology 
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increased to 0.06, indicating that the conclusion of the benchmark model is robust to extreme values. 
To sum up, the two robustness tests did not change the significance direction and economic 
significance of the core explanatory variables, which confirmed the reliability of the research 
conclusion. 

Table 7. Regression results of instrumental variables. 

Variable (1) Benchmark 
model (FE) 

(2) Instrumental 
variable method 

(3) Tailing 
treatment (FE) 

Digital-index 
-0.055* -0.102** -0.064** 
(0.031) (0.041) (0.030) 

Provincial GDP (100 million yuan) -0.252*** -0.171** -0.244*** 
(0.060) (0.073) (0.063) 

Degree of industrialization（%） -0.663** -1.013*** -0.825*** 
(0.303) (0.325) (0.278) 

Educational level -17.228*** -15.771*** -17.096*** 
(3.138) (3.234) (3.314) 

Constant 5.573*** 4.851*** 5.542*** 
(0.581) (0.687) (0.620) 

N 372 341 372 
R-squared 0.819 / 0.823 

Note: Standard errors in parentheses * p < 0.1, ** p < 0.05, *** p < 0.01. 

5.2. Micro-Data Analysis  

5.2.1. Data Source and Preprocessing  

This study empirically examines the impact of information acquisition and skill improvement 
channels on non-farm employment using the 2020 CFPS dataset [37]. The sample of CFPS covers the 
population of 25 provinces regions in China (except Hong Kong, Macao, Taiwan, Xinjiang, Tibet, 
Qinghai, Inner Mongolia, Ningxia and Hainan). The selection and definition of variables are shown 
in Table 8. The statistical description of the variables is shown in the Table 9. 

Table 8. Selection and definition of indicator variables. 

Variable type Symbol Variable name Variable definition Explanation 
Explained 
variable 

Nonfarm 
Non-farm 

employment 
1=Non-farm employment, 0=be 

engaged in agriculture 
Defined according to the 
respondents' main work 

Explanatory 
variable 

Digital 
Use of digital 

technology 
1=yes, 0=no 

Consider both mobile 
and PC access to avoid 

single channel 
misjudgment 

Mediating 
variable 

Info 
Channels of access to 

information 

1=very unimportant, 2=unimportant, 
3=average, 4=important  

5=very important  

The importance of the 
Internet as an 

information channel 

skill 
Skill enhancement 

channels 
1=yes, 0=no Online learning or not  

 Gender Gender 1=male, 0=female / 
Control 
variable 

Age Age Continuous variable 
Respondents' age (unit: 

years) 

 Health Health status  
1=unhealthy, 2=average, 

3=moderately healthy, 4=very 
healthy, 5=extremely healthy 

/ 
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Table 9. Corresponding to the statistical description of variables in Table 5. 

Variable Obs Mean Std Min Max 
Nonfarm 2,246 0.7324 0.4428 0 1 

Digital 2,246 0.7458 0.4355 0 1 
Info 2,246 3.7529 1.4012 1 5 
Skill 2,246 0.1621 0.3686 0 1 
Age 2,246 38.3749 11.5205 16 65 

Gender 2,246 0.5681 0.4954 0 1 
Health 2,246 3.2516 1.1336 1 5 

5.2.2. Benchmark Result Analysis  

Firstly, the test is conducted by gradually adding control variables. Model (1) does not include 
control variables. The coefficient of Digital is 0.927. Models (2)-(4) gradually incorporate control 
variables. The results indicate that whether control variables are included, the estimated coefficients 
of digital technology use are significantly positive at the 1% level. This indicates that digital 
technology has a significant promoting effect on non-farm employment, which is in line with 
expectations. Thus, Hypothesis H2 is supported. 

The coefficient of Age is negative, indicating that as age increases, opportunities to participate 
in non-farm employment will decrease, which may be related to decreased physical strength and 
delayed skill updates. The coefficient of Gender is significantly positive, indicating that men 
participate more in non-farm employment, possibly due to differences in household division of labor. 
The coefficient of Health is significantly positive, indicating that the probability of non-farm 
employment can be increased by increasing the health level of individuals. In addition, the pseudo 
R2 increased from 8.29% to 10.73%, indicating that it belongs to medium fitting (in social science 
research, pseudo R2 of 0.1-0.3 is more common).  

Table 10. The impact of digital technology on non-farm employment of rural labor force. 

Variable Model (1) Model (2) Model (3) Model (4) Model (5) 
Logit 

Digital 0.927*** 0.693*** 0.691*** 0.692*** 1.145*** 
 (0.063) (0.072) (0.072) (0.072) (0.121) 

Age / -0.022*** -0.022*** -0.022*** -0.036*** 
 / (0.003) (0.003) (0.003) (0.005) 

Gender / / 0.158*** 0.160*** 0.281*** 
 / / (0.060) (0.060) (0.103) 

Health / / / -0.011* -0.013* 
 / / / (0.027) (0.046) 

Constant -0.029 0.995*** 0.916*** 0.957*** 1.537*** 
 (0.052) (0.144) (0.147) (0.177) (0.298) 

Observations 2246 2246 2246 2246 2246 
Pseudo R2 0.0829 0.1046 0.1073 0.1073 0.1058 

Note: Standard errors in parentheses* p < 0.1, ** p < 0.05, *** p < 0.01. 

Secondly, the marginal effect value is calculated. Marginal effect quantifies the magnitude of the 
impact of changes in the independent variable on the dependent variable. When using non-linear 
regression models such as Logit and Probit, it is difficult to provide detailed explanations for the 
estimated coefficients after fitting. In this case, it is necessary to explore the impact of changes in the 
independent variable on the dependent variable by calculating the marginal effect values of each 
significant variable. There are three commonly used marginal effects: average marginal effect, 
marginal effect at the sample value, and marginal effect at a representative value. The results of 
calculating the average marginal effect are shown in Table 11. We can observe that the marginal effect 
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of digital technology is 0.2013. That is to say, for individuals with average characteristics, the use of 
digital technology can increase the probability of non-farm employment by 20.13 percentage points.  

Table 11. Average marginal effects. 

Variable Average marginal effect 
Digital 0.2013 

Age -0.0064 
Gender 0.0464 
Health -0.0031 

Finally, stability tests are conducted. The Probit model is replaced with the Logit model to 
examine model specification sensitivity, with the results presented in Model (5) of Table 10 showing 
a digital technology coefficient of 1.15. The significant promotion of non-farm employment among 
rural labor by digital technology is validated. 

5.2.3. Mediating Effect Analysis 

The test results of the mediating effect of information acquisition channels and skill 
improvement channels are shown in Table 12. The Bootstrap mediation effect test method is 
employed to rigorously validate the transmission paths of information acquisition and skill 
enhancement, thereby mitigating biases inherent in traditional stepwise regression approaches. 

Table 12. Test results of mediating effect. 

 
Information acquisition 

channels 
Skill enhancement  

channels 

Mediating effect coefficient 
0.119*** 

(0.038) 
0.213** 

(0.108) 
Marginal effect 0.0226 0.0691 

N 2246 2246 
Note: Standard errors in parentheses * p < 0.1, ** p < 0.05, *** p < 0.01. 

The mediating effect of the information acquisition channel is 0.119 (p < 0.01), which is 
statistically significant at the 1% level. Its marginal effect is 0.0226, indicating that the use of digital 
technologies indirectly contributes to non-farm employment by approximately 2.26% through the 
information acquisition channel. Thus, Hypothesis H2a is supported. 

The mediating effect coefficient of the skill enhancement pathway is 0.213 (p < 0.05), significant 
at the 5% level. Its marginal effect is 0.0691, suggesting that digital technology usage indirectly 
contributes to non-farm employment by approximately 6.91% through the skill enhancement 
pathway. Thus, Hypothesis H2b is supported. 

The total mediating effect value of the two channels is 0.332, accounting for approximately 48% 
of the total effect. The results demonstrate that skills enhancement channels exert 1.7 times stronger 
effects on promoting non-farm employment compared to information acquisition channels. 
Consequently, prioritizing investments in digital skills training can significantly boost non-farm 
employment outcomes. 

6. Conclusions 

6.1. Findings 

The persistent urban-rural income gap continues to hinder China's sustainable development and 
common prosperity goals. Promoting non-farm employment among rural laborers is pivotal to 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 9 April 2025 doi:10.20944/preprints202504.0805.v1

https://doi.org/10.20944/preprints202504.0805.v1


 20 of 22 

 

narrowing the urban-rural income gap. Digital technology provides relatively convenient channels 
for information acquisition and skill enhancement, enabling rural laborers to better participate in the 
labor market. First, from a macro-level perspective, the effects of digital technology advancement are 
empirically examined in relation to the urban-rural income gap. Second, from a micro-level 
perspective, the intrinsic mechanisms are explored by which rural laborers' participation in non-farm 
employment is facilitated through digital technology. The regression model between digital 
technology and income gap is constructed, along with a mediating effect model linking digital 
technology to non-farm employment. Panel data from 31 provinces and the CFPS data are utilized. 
Based on the analysis carried out in this article, we can get the following conclusions. 

(1) Digital technology plays a positive role in narrowing the income gap. The income gap will 
be reduced by about 11.9% for each unit of digital technology. 

(2) Digital technology significantly promotes non-agricultural employment. For individuals 
with average characteristics, the use of digital technology can increase the probability of non-farm 
employment by 20.13%. 

(3) Digital technologies promote non-farm employment through information acquisition 
channels. The use of digital technologies indirectly contributes to non-farm employment by 
approximately 2.26% through the information acquisition channel.  

(4) Digital technologies promote non-farm employment through skill enhancement channels. 
Digital technology usage indirectly contributes to non-farm employment by approximately 6.91% 
through the skill enhancement channel. Skill enhancement channels exert effects 1.7 times stronger 
than information acquisition channels in promoting non-farm employment. 

6.2. Policy Recommendations 

Based on the above findings, it is imperative to vigorously promote the adoption of digital 
technologies in rural areas. This study proposes the following policy optimization pathways: 

(1) Digital infrastructure enhancement. Priority should be given to deploying gigabit optical 
networks and 5G base stations in rural regions, with a focus on establishing county-level digital hubs. 
A dynamic monitoring mechanism should be implemented to ensure infrastructure coverage meets 
predefined benchmarks. Integrating digital infrastructure development into the rural revitalization 
evaluation system will align construction priorities with local employment demands. 

(2) Skill-oriented digital training systems. A nationwide digital skills certification and training 
network targeting rural laborers should be established. Through township government-university-
enterprise tripartite partnerships, diversified vocational skills training programs should be offered 
for rural workers. Upon completion of training and certification, corresponding employment 
recruitment information should be systematically disseminated to workers. These digital training 
systems must integrate  skill certification levels with wage scales to amplify the employment-
promotion effects of skill enhancement channels. 

(3) Inclusive information infrastructure development. Standardized village-level digital 
information service centers must be constructed, integrating job posting dissemination and remote 
interview functionalities. Algorithmic regulation should be enforced to mitigate information bias in 
platform recommendations, thereby strengthening the foundational role of information acquisition 
channels. 

(4) Employment service optimization. An intelligent township level job matching system should 
be developed by aggregating data from leading recruitment platforms, using machine learning to 
improve recommendation accuracy. Algorithmic regulation should be enforced to mitigate platform 
recommendation bias, strengthening information acquisition channels. Targeted support should be 
provided to digital agriculture and rural e-commerce, coupled with a cross-regional coordination 
mechanism to balance labor demand across eastern, central, and western China.  

Non-farm employment of the rural labor force is a key driver for rural development. In the 
context of advancing digital technology, it is essential to systematically integrate digital solutions 
with rural construction at multiple levels, building a digital countryside in the new era of socialism. 
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Thereby, common prosperity can be effectively advanced. We believe that non-farm employment is 
a promising direction of further research in this area. Therefore, future work will aim to investigate 
the impact of the aforementioned policies on non-farm employment. 
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