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Abstract 

Efficient and unimpeded factor allocation constitutes the cornerstone of urban–rural inte-
grated development. Using panel data from 281 prefecture-level cities in China spanning 
the period from 2011 to 2023, this study employs a two-way fixed-effects model to empir-
ically investigate the direct effects and transmission channels of the application of data 
elements on urban–rural integrated development. The findings are as follows: (1) The ap-
plication of data elements significantly promotes urban–rural integrated development. On 
average, a 1% increase in the level of data element application is associated with a 0.089% 
rise in the urban–rural integrated development index. This result remains robust across a 
battery of robustness tests, with pronounced regional heterogeneity. (2) Mechanism anal-
ysis demonstrates that data elements application drives urban–rural integrated develop-
ment through three primary channels: facilitating labor mobility, mitigating capital mis-
allocation, and elevating total factor productivity (TFP). (3) Heterogeneity analysis based 
on regional characteristics reveals that this promoting effect is more significant in regions 
with superior economic growth, more advanced industrial structures, and abundant hu-
man capital. (4) Spatial spillover analysis indicates that while data element application 
facilitates local urban–rural integrated development, it simultaneously exerts a negative 
spatial spillover effect on neighboring regions. Accordingly, policymakers should priori-
tize strengthening digital infrastructure in less developed regions and take the lead in 
establishing cross-jurisdictional data sharing platforms coupled with benefit compensa-
tion mechanisms, thereby fostering coordinated advancement and mutually beneficial 
outcomes in urban–rural integrated development across regions. 

Keywords: data elements; urban–rural integrated development; labor mobility;  
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1. Introduction 
Urban–rural integrated development stands as a core issue in the global moderniza-

tion process and constitutes one of China’s strategic objectives for achieving common 
prosperity and high-quality development. Historically, driven by urban-biased develop-
ment strategies, traditional production factors such as capital, labor, and technology have 
continuously agglomerated in urban areas, whereas rural regions have been trapped in 
the dilemma of factor outflows and lagging development [1–4]. Consequently, the imbal-
ance in urban–rural factor allocation has emerged as a primary obstacle to constraining 
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urban–rural integrated development. To dismantle the urban–rural dual barriers induced 
by the unidirectional flow of traditional production factors, there is an urgent need to explore 
novel driving mechanisms and pathways for factor empowerment. Data, as a critical produc-
tion factor in the digital economy era, is profoundly reshaping conventional resource alloca-
tion patterns through its development, openness, circulation, and utilization [5]. In practical 
terms, the application of data elements has transformed virtual space into a new frontier for 
resource integration. This application not only enhances the allocative efficiency of capital, 
technology, and talent across urban and rural domains but also enables deep mining and iter-
ative utilization of data value. By constructing novel infrastructure and factor support systems 
for urban–rural integrated development, data element application is fundamentally reshaping 
the overall landscape of urban–rural relations. Therefore, an in-depth analysis of the mecha-
nistic pathways through which data elements affect urban–rural integrated development car-
ries substantial theoretical value and practical significance for advancing coordinated and 
high-quality urban–rural development. 

Since data factors were officially included in the category of production factors, re-
search on data factors has achieved remarkable progress in both theoretical and empirical 
domains [6]. At the theoretical level, scholars argue that data elements are essentially de-
rivatives of the combination of natural resources and labor inputs. They convert human 
activities and physical phenomena into digital traces that can be recorded, stored, and 
analyzed, thereby enabling the large-scale generation and utilization of data as production 
factors [7]. Derived from the transformation of knowledge and information, data elements 
possess distinctive characteristics, including strong permeability, non-excludability, and 
diminishing marginal costs [8]. At the empirical level, the facilitating effects of data ele-
ments application have attracted extensive scholarly attention. At the macro level, the ap-
plication of data elements enables pattern identification and knowledge extraction from 
massive datasets. Through synergistic interactions with capital, technology, labor, and 
other production factors, it exerts a multiplier effect on TFP improvement [9,10]. At the 
micro level, data elements application helps reduce information asymmetry and transac-
tion costs while fostering the emergence of new business models and innovative organi-
zational forms. Particularly, data elements characterized by high value density and strong 
interconnectivity exhibit significant scale effects and network effects, which serve to 
strengthen firms’ innovation capacity and market competitiveness [11]. Nevertheless, a 
strand of literature holds a cautious view, arguing that the large-scale deployment of data 
elements may give rise to data monopolies. By capitalizing on their data advantages, large 
platform enterprises can build up market entry barriers, which in turn aggravate factor 
allocation distortions and widen income inequality [12]. Moreover, the economic effects 
of data elements application are heterogeneous across industries, regions, and develop-
ment stages. In regions with underdeveloped digital infrastructure, the expected benefits 
of data elements application may be undermined by the digital access divide [13]. 

The measurement and evaluation of urban–rural integrated development have un-
dergone remarkable evolution. Early studies relied on single indicators, such as the ur-
ban–rural income ratio and consumption ratio [14,15]. While intuitive and data-accessible, 
these metrics failed to capture the multidimensional and complex nature of urban–rural 
integration. As research deepened, scholars progressively constructed comprehensive 
evaluation index systems encompassing multiple dimensions—including economic, so-
cial, demographic, and spatial integration—thereby providing a more holistic assessment 
of urban–rural integration levels [16]. Methodologically, measurement approaches have 
expanded from traditional statistical methods to incorporate emerging data sources and 
quantitative techniques, including the incorporation of nighttime light data to gauge eco-
nomic activity intensity, the entropy method for objective weighting, and global principal 
component analysis for constructing composite indices [17]. Regarding the exploration of 
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influencing factors, existing literature has predominantly conducted analyses from tradi-
tional macro perspectives, such as industrial structure upgrading, infrastructure construc-
tion, fiscal transfer payments, and land institutional reforms [18]. In recent years, concur-
rent with the rise of the digital economy, the driving effects of digital economy dimen-
sions—including digital inclusive finance, digital infrastructure, and digital technology 
applications—on urban–rural integration have increasingly emerged as a research focus. 
Owing to its inclusive characteristics for vulnerable groups, digital inclusive finance pro-
vides more accessible financial services for rural areas, raises the marginal returns on rural 
investment, facilitates the flow of capital to rural areas, and promotes the integration of 
urban and rural capital factors [19,20]. Digital infrastructure construction reshapes the ur-
ban–rural economic geography and dismantles obstacles to factor mobility, driving the 
gradual superposition and integration of agricultural and non-agricultural industries 
[21,22]. Digital technology effectively clears bottlenecks across the links of urban–rural 
production, circulation, distribution, and consumption, enhancing market synergy and 
accelerating the integration process [23]. Nevertheless, the aforementioned studies pre-
dominantly focus on the macro-level application manifestations of the digital economy, 
overlooking the essential attribute of data elements as the underlying resource of the dig-
ital economy. In fact, whether manifested as digital finance, digital infrastructure, or dig-
ital technologies, their empowerment of urban–rural integration is fundamentally an ex-
ternal manifestation of the cross-regional flow and value release of data elements. There-
fore, it is necessary to uncover the intrinsic mechanisms through which data elements 
contribute to urban–rural integrated development from a micro-level perspective. 

Overall, although the extant literature offers valuable insights into how data elements 
application promotes urban–rural integrated development, there are still some deficiencies. 
First, existing studies have not fully elucidated the mutually embedded and symbiotic rela-
tionship between data elements and traditional production factors. The theoretical logic 
through which data elements, via deep integration with traditional factors, unleash multi-
plier effects that reshape the urban–rural factor allocation landscape and propel integrated 
development requires further clarification. Second, there is a paucity of empirical research 
that incorporates data elements as a separate variable within the analytical framework of 
urban–rural integration. Most extant studies have subsumed data elements within proxy 
variables for the digital economy or digital technologies, without having constructed a ded-
icated measurement index system for the application level of data elements to identify their 
specific effects on urban–rural integrated development. Third, insufficient attention has 
been devoted to the mechanistic pathways and spatial effects through which data elements 
influence urban–rural integration. Through which channels do data elements affect urban–
rural integrated development? Do these effects exhibit regional heterogeneity and spatial 
spillovers? These questions await more in-depth investigation. 

Accordingly, the contributions of this paper are threefold. (1) It elucidates the mutu-
ally embedded and symbiotic relationship between data elements and traditional produc-
tion factors, and clarifies the theoretical logic whereby data elements advance urban–rural 
integrated development via three transmission channels: facilitating labor mobility, miti-
gating capital misallocation, and elevating TFP. (2) It constructs an evaluation index sys-
tem for the application of data elements from three interrelated dimensions—namely, 
available supply, unimpeded flow, and effective utilization—and employs nighttime light 
data to quantify the level of urban–rural integrated development, providing a methodo-
logical extension for identifying the effects of data factors on urban–rural integrated de-
velopment. (3) Third, it examines the direct effects, transmission channels, regional heter-
ogeneity, and spatial spillover effects of data elements application on urban–rural inte-
grated development, thereby enriching the empirical evidence base on the developmental 
implications of data elements and providing a decision-making reference for the 
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implementation of differentiated policies to foster urban–rural integration. The remainder 
of this study is organized as follows. Section 2 develops the theoretical analysis and re-
search hypotheses. Section 3 describes the model specification, data sources, and variable 
selection. Section 4 reports empirical results, including baseline regressions, heterogeneity 
analysis, and spatial effect analysis. Section 5 presents the mechanism analysis. The final 
section summarizes the main conclusions, discusses the policy implications, and high-
lights the limitations and future research directions. 

2. Theoretical Analysis and Research Hypotheses 
2.1. The Direct Effect of Data Elements Application on Urban–Rural Integrated Development 

Factor allocation theory posits that production factors flow freely across sectors and 
regions in response to price signals until the marginal product of each factor converges, 
thereby achieving Pareto optimality in resource allocation [24]. However, the long-stand-
ing urban–rural dualistic structure in China has led to the institutional segmentation of 
factor markets—such as labor, capital, and land—imposing high transaction costs on 
cross-regional factor mobility and consequently engendering unbalanced urban–rural de-
velopment. The intrinsic attributes of data elements—virtuality, strong permeability, and 
zero marginal cost—offer a novel pathway to overcome this dilemma, thereby facilitating 
urban–rural integrated development [25]. First, the virtuality of data elements facilitates 
the cross-boundary circulation of urban and rural information, thereby mitigating urban–
rural information asymmetry. Data generated from rural economic activities can flow rap-
idly into urban markets, while urban capital, technology, and employment information 
can penetrate rural areas. This enables both the supply and demand sides to make deci-
sions on a more informed basis, optimizing the allocation of production factors between 
urban and rural areas and promoting urban–rural integrated development. Second, the 
strong permeability of data elements application enables it to form a mutually embedded 
and symbiotic relationship with traditional production factors, driving urban–rural inte-
grated development at higher levels and across broader domains. Specifically, land pro-
vides the spatial carrying capacity for the deployment of data elements applications, dig-
ital agriculture, and smart industrial parks; labor furnishes the contextual foundation for 
the application of data elements; capital supplies the material support for digital plat-
forms; and technology offers the instrumental tools for data collection, processing, and 
analysis. In turn, data elements reciprocally enhance the allocative efficiency and marginal 
returns of traditional factors, rendering labor more skilled, capital more targeted, land 
more intensive, and technology more diffusive. Finally, the zero marginal cost character-
istic of data elements amplifies the advantages of reuse-driven efficiency enhancement, 
substantially lowering barriers to information acquisition and knowledge dissemination. 
Network externality theory posits that each additional node in a network enhances the 
utility of existing nodes, and that network value grows non-linearly with user scale [26]. 
The urban–rural information networks and digital platforms constructed through data 
elements application similarly benefit from the continued expansion of urban–rural data 
nodes and platform users. As a result, the efficiency of data sharing and supply–demand 
matching is continuously improved, enabling urban and rural residents to share innova-
tion resources on an equal footing and further advancing the equalization of public ser-
vices and urban–rural integrated development. The theoretical analysis framework for the 
data elements application to enable urban–rural integrated development is shown in Fig-
ure 1. Accordingly, we propose the following hypothesis: 

Hypothesis 1. Data elements application exerts a significant positive effect on urban–rural inte-
grated development. 
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Figure 1. The theoretical analysis framework. 

2.2. The Transmission Channels of Data Elements Application on Urban–Rural  
Integrated Development 

The mutually embedded and symbiotic relationship between data elements and land 
factors is primarily manifested in the profound application of land data platforms, such 
as Geographic Information Systems (GIS) and digital cadastral systems. These platforms 
transform the current status, development potential, and spatial suitability of land use 
into computable digital representations, thereby facilitating the rational circulation and 
intensive utilization of urban–rural land resources. Transaction cost theory posits that the 
efficiency of market transactions is highly dependent on the costs of information search, 
contract negotiation, and enforcement monitoring, and that ill-defined property rights 
and information asymmetry can significantly elevate transaction costs while inhibiting 
resource allocation efficiency [27]. Digital cadastral systems, through unified spatial coor-
dinates and ownership registration, clarify the boundaries of land property rights, reduce 
information search costs and title risks in land transactions, and render the ownership 
verification, planning coordination, and benefit distribution associated with the market-
ization of collectively owned operational construction land more transparent. Further-
more, GIS technology drives the transition of land resource allocation from an experience-
dominated to a data-driven paradigm, enhancing the precision of spatial identification for 
urban–rural fringes, potential reclamation zones, and industrial undertaking areas. Given 
that land allocation between urban and rural areas in China is primarily realized through 
state institutional arrangements, use regulation, and policy-based adjustments, this study 
omits the discussion of land factors when examining the transmission channels through 
which data elements application affects urban–rural integrated development. The mobil-
ity and marketization degree of land factors remain considerably lower than those of labor 
and capital factors, rendering it difficult for land to generate significant mediating trans-
mission effects driven by data elements in the short term. Instead, it focuses on production 
factors exhibiting stronger market attributes and higher mobility—specifically labor, cap-
ital, and technology—to elucidate the channels through which data elements application 
empowers urban–rural integrated development across three dimensions: facilitating labor 
mobility, mitigating capital misallocation, and elevating TFP. 

2.2.1. Facilitating Labor Mobility 

Labor, as the most fluid production factor, plays a pivotal role in advancing urban–
rural integrated development through the optimal allocation between urban and rural ar-
eas. The effectiveness of labor mobility, however, is highly contingent upon information 
completeness. Information asymmetry theory posits that asymmetries between labor sup-
ply and demand—concerning skill profiles, job requirements, and mobility preferences—
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can significantly elevate search costs and matching frictions, thereby inhibiting the orderly 
flow of labor [28]. The core value of data elements application resides in information trans-
mission and the reduction of transaction costs [29], which facilitates the orderly flow of 
labor between urban and rural areas. Data elements application carries a vast amount of 
valid factual information, enabling urban centers to accurately gauge the quantity of labor 
supply, skill structures, and mobility intentions, thereby enhancing urban pull factors for 
rural labor [30]. Simultaneously, emerging industries underpinned by data elements—
such as rural e-commerce, smart agriculture, and rural tourism—provide expanded de-
velopment opportunities for individuals possessing relevant skills or entrepreneurial as-
pirations, attracting labor flows into rural areas [31]. 

Labor serves not only as the skill-bearing carrier for data elements application but 
also as the transmission agent for the bidirectional flow of information between urban and 
rural domains. Workers possessing digital competencies are better positioned to collect, 
interpret, and apply data with greater efficiency, thereby realizing the value inherent in 
data elements. Conversely, labor mobility between urban and rural areas objectively fa-
cilitates the cross-regional dissemination of digital literacy, technical expertise, and mar-
ket intelligence. Consequently, the resulting two-way labor mobility contributes to accel-
erating urban–rural integrated development [32]. On the one hand, the migration of sur-
plus labor to cities attenuates disguised unemployment in rural areas while providing 
low-cost labor for urban growth; this population agglomeration in cities raises the effi-
ciency of resource utilization, generates scale effects, and promotes urban–rural integrated 
development. On the other hand, returning rural migrants deploy the skills, experience, 
and capital accumulated in cities to pursue development in their hometowns; university 
graduates and digitally skilled talents secure greater employment and entrepreneurial op-
portunities in new business formats, thereby fostering the diversification of rural indus-
tries and urban–rural integrated development (Figure 1). Accordingly, we propose the 
following hypothesis: 

Hypothesis 2a. Data elements application promotes urban–rural integrated development by fa-
cilitating urban–rural labor mobility. 

2.2.2. Mitigating Capital Misallocation 

Capital serves as the material foundation for constructing data infrastructure, includ-
ing cloud computing centers, communication networks, and Internet of Things terminals. 
Without sustained capital investment, the collection, storage, and computation of data el-
ements would be impossible. In turn, data elements reshape the allocation logic of capital, 
shifting capital allocation from a traditional model reliant on collateral and subjective ex-
perience to a precision pricing model underpinned by data profiling and algorithmic 
models. Insufficient information acquisition and inaccurate risk pricing lead to capital 
misallocation [33]. Data elements application mitigates urban–rural capital misallocation 
by enhancing information transparency and risk assessment capabilities. Through the 
deep embedding of data elements, digital financial innovations—such as big data credit 
scoring and blockchain technology—construct more precise credit profiles for rural busi-
ness entities, reduce their reliance on traditional collateral, and significantly expand their 
financing capacity. Concurrently, real-time production data generated by the agricultural 
Internet of Things and satellite remote sensing provide dynamic evidence for improving 
the precision of agricultural project risk assessments, guiding capital more effectively to-
ward rural characteristic industries and small and medium-sized enterprises. 

Lowering the degree of urban–rural capital misallocation and channeling capital to-
ward sectors and regions with higher production efficiency contribute to urban–rural in-
tegrated development [34] in two respects. On the one hand, increased access to capital 
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enables rural areas to develop modern agriculture, rural service industries, and emerging 
non-agricultural sectors; this raises the value added of rural industries and gradually nar-
rows the urban–rural gap in industrial structure and development levels. On the other 
hand, as capital returns gradually converge across urban and rural areas, capital is 
prompted to flow back in an orderly manner from over-concentrated cities to rural re-
gions, thereby improving the equilibrium of capital allocation between urban and rural 
areas and substantially advancing urban–rural integrated development (Figure 1). Ac-
cordingly, we propose the following hypothesis: 

Hypothesis 2b. Data elements application promotes urban–rural integrated development by mit-
igating capital misallocation. 

2.2.3. Elevating Total Factor Productivity 

The narrow concept of TFP, originating from neoclassical growth theory, primarily re-
fers to technological progress. Technology diffusion theory further posits that the economic 
value of technological innovation depends not merely on the invention per se, but more 
critically on its diffusion speed and adoption breadth across disparate regions and indus-
tries [35]. Diffusion barriers tend to generate persistent technology gaps between urban and 
rural areas. By accelerating technology diffusion and knowledge spillovers through digital 
platforms and knowledge networks, data factor application shortens the transmission cycle 
of innovation outcomes from urban to rural areas, thereby comprehensively enhancing TFP 
across both agricultural and non-agricultural sectors [36,37]. In the agricultural sector, multi-
source information carried by data elements—such as meteorological, soil, and crop growth 
data—provides scientific support for precision agriculture technologies, enabling the intel-
ligent management of planting, irrigation, and fertilization processes, thereby significantly 
raising agricultural production efficiency. In the non-agricultural sector, data-driven tech-
nologies such as the industrial Internet and artificial intelligence promote the digital trans-
formation of traditional industries, optimize production processes and resource allocation, 
and enhance the productive efficiency of manufacturing and services. 

An increase in TFP implies higher output efficiency under given resource inputs, 
which is conducive to urban–rural integrated development [38] in two respects. On the 
one hand, the enhancement of agricultural production efficiency optimizes production 
processes, raises the quality and value added of agricultural output, provides cities with 
a high-quality agricultural product supply, and promotes the integrated development of 
urban and rural industries. On the other hand, technology diffusion and knowledge spill-
over effects accelerate the improvement of urban industrial efficiency and drive the tech-
nological upgrading and structural optimization of related rural industries, thereby real-
izing complementary and synergistic development between urban and rural industries. 
These dynamics generate a virtuous cycle encompassing factor mobility, industrial layout, 
and productivity enhancement, further advancing urban–rural integrated development 
(Figure 1). Therefore, we propose the following hypothesis: 

Hypothesis 2c. Data elements application promotes urban–rural integrated development by ele-
vating TFP. 

3. Empirical Research Design 
3.1. Econometric Model Specification 

To empirically examine the impact of data factor application on urban–rural inte-
grated development, we construct a two-way fixed-effects model as the baseline specifi-
cation [39]. On the one hand, the inclusion of city fixed effects effectively controls for time-
invariant city-specific heterogeneity that affects urban–rural integrated development, 
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such as geographic conditions, historical legacies, and resource endowments. On the other 
hand, the incorporation of time fixed effects captures time-varying shocks, including na-
tional macro digital economy policies, technological evolution, and macroeconomic fluc-
tuations. This specification alleviates potential endogeneity concerns and ensures the con-
sistency and robustness of parameter estimates. The model is specified as Equation (1): URI୧୲ = α଴ + αଵDF୧୲ + ෍ α୨୨ Control୧୲ + η୧ + ν୲ + ε୧୲ (1)

where i and t denote the region and year, respectively; 𝑈𝑅𝐼௜௧ represents urban–rural in-
tegrated development in region i in year t; 𝐷𝐹௜௧ denotes the level of data elements appli-
cation in region i in year t; and 𝐶𝑜𝑛𝑡𝑟𝑜𝑙௜௧ is a vector of control variables. 𝜂௜ represents 
region fixed effects, 𝜈௧  represents time fixed effects, and 𝜀௜௧ is the stochastic error term. 

3.2. Variable Definitions 

3.2.1. Explained Variable 

The explained variable in this study is urban–rural integrated development (URI). 
We utilize the spatial distribution of nighttime light data to characterize urban–rural inte-
grated development [40]. The intensity and distribution of nighttime light data reflect the 
vitality of the urban–rural spatial system and its structural changes, thus capturing the 
evolutionary characteristics of spatial connectivity and economic integration between ur-
ban and rural areas. To define the spatial boundaries of built-up areas, a statistical data 
verification method is used for spatial identification. The core principle is to identify the 
threshold value of nighttime light data such that the total area extracted based on this 
threshold minimizes the difference from the total urban built-up area reported in the China 
City Statistical Yearbook for the corresponding year, and simultaneously minimizes the 
sum of squared errors between the two. The specific procedure is as follows: The extreme 
values of nighttime light data DN are set as the iteration range, and the mean value is 
taken as the initial potential threshold DNx. The area extracted at threshold DNx is denoted 
as S1 and compared with the total built-up area S2 reported in the China City Statistical 
Yearbook. If S1 > S2, DNx is assigned to the maximum value DNmax to contract the threshold 
interval; if S1 < S2, DNx is assigned to the minimum value DNmin. After multiple iterations, 
the process terminates when S1 and S2 are approximately equal, and the sum of squared 
errors is minimized; the resulting DNx represents the optimal threshold for extracting the 
built-up area. Using this threshold as the boundary, rasters where DN > DNx are classified 
as urban areas, while rasters where DN < DNx are classified as rural areas. Combining this 
classification with the weighted average method, the calculation formula for urban–rural 
integrated development is specified in Equation (2): URI୧୲ = ∑(DN୧୲ୡ × Count୧୲ୡ )∑Count୧୲ୡ ∑(DN୧୲୳ × Count୧୲୳)∑Count୧୲୳൘  (2)

In Equation (4), the value of  𝑈𝑅𝐼௜௧  ranges between 0 and 1. A value closer to 1 indi-
cates a higher level of urban–rural integrated development in the region. The superscript 
c denotes rural areas, and the superscript u represents urban areas. 𝐷𝑁௜௧  represents the 
nighttime light intensity of region i in year t, and  𝐶𝑜𝑢𝑛𝑡௜௧  represents the number of raster 
grid cells corresponding to the nighttime light intensity in region i in year t, which reflects 
the actual physical coverage in geographic space. 
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3.2.2. Explanatory Variable 

The explanatory variable in this study is the data elements application (DF). Drawing 
on the market linkage approach, which is centered on the supply, flow, and utilization of 
data elements, this study constructs a comprehensive evaluation index system for city-
level data element development across three dimensions: available supply, unimpeded 
flow, and effective utilization [41]. The entropy weight method is adopted for measure-
ment (Table 1). In terms of the available supply dimension, we select the number of em-
ployees in the information transmission, computer services, and software industries to 
reflect the reserve of professional talents on the data elements supply side. Fiscal expendi-
ture on science and technology is adopted to capture government policy support for data 
elements development. In terms of the unimpeded flow dimension, the number of sub-
scribers to internet services is used to indicate the infrastructure conditions for domestic 
data elements circulation, while the number of international internet subscribers measures 
the scope of international data elements circulation. In terms of the effective utilization 
dimension, software business revenue is selected to gauge the capacity of data elements 
to be converted into actual economic outcomes. E-commerce transaction volume reflects 
the breadth of data elements application in the platform economy, capturing the enabling 
effect of data elements on business models. 

Table 1. Comprehensive Evaluation Index System for Data Elements. 

Criterion 
Layer Indicator Layer Specific Measurement Unit Data Sources 

Available 
supply 

Digital labor supply 
Employees in the infor-

mation transmission, com-
puter services, and software 

person China City Statistical Yearbook;  
EPS Data Platform 

Fiscal expenditure on sci-
ence and technology 

Expenditure for science/ 
Local government 

general budget revenue 
% China City Statistical Yearbook;  

EPS Data Platform 

Unimpeded 
flow 

Domestic network cover-
age 

Number of subscribers of 
internet services 

10,000 
households 

China City Statistical Yearbook; 
EPS Data Platform 

International Network 
Interconnection 

Number of international 
internet subscribers 

10,000 
households 

China Statistical Yearbook on Sci-
ence and Technology; 
EPS Data Platform 

Effective utili-
zation 

Software industry revenue Software business income 10,000 yuan 
China Information Industry Year-

book;  
EPS Data Platform 

Platform transaction status E-commerce transactions 100 million 
yuan 

CNRDS Data Platform 

3.2.3. Control Variables 

The control variables include economic growth (EGR), industrial structure upgrading 
(ISU), infrastructure level (UIL), degree of openness (Open), fiscal expenditure pressure 
(FP), and education investment level (EIL). The definitions and measurement methods for 
the primary variables are summarized in Table 2. Regions experiencing faster economic 
growth typically possess stronger capacities for urban–rural coordination and exhibit nar-
rower disparities in income and public services [42]. Industrial structure upgrading consti-
tutes the industrial foundation for urban–rural integration, as it directly affects the quality 
of rural labor transfer and the urban–rural income gap through channels such as employ-
ment creation and wage growth [43]. Infrastructure integration represents an inherent di-
mension of urban–rural integration in its own right. Cities with a higher degree of openness 
typically feature a higher level of marketization and faster alignment with the global digital 
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economy, which shapes the progression of urban–rural integrated development [44]. Fiscal 
expenditure pressure serves as a critical institutional determinant, as it directly governs the 
intensity of local government investment in rural revitalization and the equalization of ur-
ban–rural public services [45]. Finally, education investment enhances the human capital 
stock across both urban and rural areas, narrows urban–rural gaps in educational attain-
ment and capability endowment, and promotes urban–rural integrated development [46]. 

Table 2. Variable Definitions and Measurements (2011–2023). 

 Variable Name Measurement Unit Abbreviation Data Sources 

Explained Varia-
ble 

Urban–rural inte-
grated development 

Based on nighttime light data index (0–1) URI 
DMSP/OLS and 

NPP/VIIRS nighttime 
light data 

Explanatory 
Variable 

Data elements Based on the comprehensive 
evaluation index system 

index (0–1) DF 
Detailed data sources 
are reported in Table 

1 

Control 
Variables 

Economic growth GRP growth rate % EGR 

China Urban and Rural 
Construction 

Statistical Yearbook; 
EPS Data Platform 

Industrial structure 
upgrading 

Value-added of the tertiary in-
dustry/gross regional product % ISU 

Infrastructure level Road surface area per capita sq.m UIL 

Degree of openness 
Amount of foreign capital ac-
tually utilized/gross regional 

product 
% Open 

Fiscal expenditure 
pressure 

(Local government general 
budget expenditure- reve-

nue)/revenue 
% FP 

Education investment 
level 

Expenditure for educa-
tion/gross regional product % EIL 

3.3. Data Sources 

This study utilizes a panel sample of 281 prefecture-level cities in China over the pe-
riod 2011–2023. The data are primarily sourced from the China Urban and Rural Construc-
tion Statistical Yearbook, the China City Statistical Yearbook, the China Statistical Yearbook on 
Science and Technology, the China Information Industry Yearbook, statistical bulletins on na-
tional economic and social development, various municipal statistical yearbooks, as well 
as data platforms including the CNRDS and EPS database. For specific indicators not re-
ported, which account for approximately 3.2% of total sample observations, missing val-
ues are imputed using trend extrapolation and linear interpolation methods. All continu-
ous variables are tested using a two-tailed test at the 1% level to mitigate the impact of 
extreme outliers. 

4. Empirical Results Analysis 
4.1. Baseline Regression  

Table 3 reports the estimation results of Model (1). Column (1) presents the regression 
results controlling exclusively for regional and year fixed effects. The estimation results 
indicate that the coefficient of the core explanatory variable is 0.088, which is statistically 
significant at the 5% level. Columns (2)–(7) display the regression results following the 
sequential inclusion of control variables. The estimated coefficients of the data elements 
application remain statistically significant and positive at the 5% level across these speci-
fications. In the full model encompassing all control variables in Column (7), the regres-
sion coefficient for data elements application is 0.089, thereby supporting Hypothesis 1. 
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This suggests that, leveraging its characteristics of high permeability, reusability, and 
near-zero marginal costs, data elements application significantly facilitates the efficient 
flow of information, resources, and production factors between urban and rural areas, 
ultimately driving urban–rural integrated development. 

Table 3. Baseline Regression Results. 

 (1) (2) (3) (4) (5) (6) (7) 
 URI URI URI URI URI URI URI 

DF 0.088 ** 0.091 ** 0.094 ** 0.091 ** 0.094 ** 0.091 ** 0.089 ** 
 (2.269) (2.353) (2.444) (2.370) (2.440) (2.357) (2.301) 

EGR  0.186 * 0.269 *** 0.266 *** 0.287 *** 0.253** 0.247 ** 
  (1.876) (2.686) (2.658) (2.833) (2.466) (2.401) 

ISU   0.377 *** 0.366 *** 0.357 *** 0.354 *** 0.329 *** 
   (5.224) (5.085) (4.906) (4.875) (4.406) 

UIL    0.241 *** 0.236 *** 0.229 *** 0.235 *** 
    (3.613) (3.490) (3.383) (3.475) 

Open     0.141 *** 0.141 *** 0.140 *** 
     (2.866) (2.853) (2.847) 

FP      0.092 ** 0.105 ** 
      (2.158) (2.403) 

EIL       0.081 * 
       (1.813) 

_cons 0.066 *** 0.065 *** 0.048 *** 0.044 *** 0.044 *** 0.040 *** 0.037 *** 
 (200.741) (77.140) (14.365) (12.511) (12.450) (10.276) (9.047) 

Year FE YES YES YES YES YES YES YES 
City FE YES YES YES YES YES YES YES 

N 3653 3653 3653 3653 3653 3653 3653 
R2 0.659 0.659 0.662 0.663 0.663 0.664 0.664 

Note: ***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively. t-statis-
tics are reported in parentheses.  

4.2. Robustness Tests 

4.2.1. Replacing the Explained Variable 

Given that a single indicator can hardly capture the complex connotations of urban–
rural integrated development, this study constructs an urban–rural integrated develop-
ment indicator system across four dimensions: economic integration, social integration, 
ecological integration, and spatial integration [16] (see Table 4). The entropy-TOPSIS 
method is applied to compute a composite index (URI1), which replaces the original ex-
plained variable for re-estimation. As shown in Column (1) of Table 5, the coefficient on 
DF remains positive and statistically significant at the 1% level, confirming that the core 
findings are robust. 

Table 4. Urban–rural integrated development indicator system. 

Criterion Layer Indicator Layer Specific Measurement 

Economic Inte-
gration 

Economic development level Gross Regional Product/Total population 

Dual structure contrast coefficient 
(Primary industry output/Primary industry employment)/(Secondary 
and tertiary industry output/Secondary and tertiary industry employ-

ment) 
Urban–rural income contrast coefficient Rural per capita disposable income/Urban per capita disposable income 

Urban–rural consumption contrast coeffi-
cient 

Rural per capita consumption expenditure/Urban per capita consump-
tion expenditure 

Social Urban–rural medical service supply Number of beds in medical institutions/Total population 
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Integration Urban–rural education investment Public education expenditure/Fiscal expenditure 

Urban–rural medical condition gap 
Medical institution beds per 10,000 people in county-level regions/Medi-

cal institution beds per 10,000 people in municipal districts 

Urban–rural education condition gap 
Primary and secondary school students in county-level regions/Primary 

and secondary school students in municipal districts 

Ecological Inte-
gration 

Urban–rural air quality Average PM2.5 mass concentration in urban and rural areas 
Urban-rural vegetation coverage Mean vegetation index in urban and rural areas 
Urban–rural vegetation coverage 

contrast coefficient 
Vegetation index in county-level regions/Vegetation index in municipal 

districts 

Urban–rural air quality contrast coefficient 
Average PM2.5 concentration in county-level regions/Average PM2.5 

concentration in municipal districts 

Spatial 
Integration 

Urban–rural transportation Highway passenger volume/Total population 
Urban–rural communication connectivity Number of mobile phone subscribers 
Permanent population urbanization rate Urban permanent population/Total permanent population 

Urban–rural area contrast coefficient Ratio of cultivated land area to municipal district area 

Table 5. Results of Robustness Tests. 

 (1) (2) (3) (4) 
 URI1 URI URI URI 

DF 0.071 *** 0.141 ***  0.569 ** 
 (3.512) (3.904)  (2.283) 

DF1   0.063 ***  
   (3.920)  

Controls YES YES YES YES 
Year FE YES YES YES YES 
City FE YES YES YES YES 

N 3653 3653 3653 3653 
R2 0.663 0.639 0.639 0.653 

Note: *** and ** denote statistical significance at the 1% and 5% levels, respectively. t-statistics are 
reported in parentheses. 

4.2.2. Data Tail Reduction 

To address the concern that winsorization at the 1% level may not adequately mitigate 
the influence of extreme values in the sample, this paper further applies two-tailed winsoriza-
tion to all variables at the 5% level. The results are shown in Column (2) of Table 5. The esti-
mated coefficient of the core explanatory variable, DF, is 1.141, which is positive and signifi-
cant at the 1% level. This indicates that the promoting effect of data elements application on 
urban–rural integrated development remains robust after more stringently controlling for ex-
treme values, further corroborating the reliability of the baseline regression results. 

4.2.3. Replacing the Core Explanatory Variable 

To reduce potential bias arising from indicator construction methodologies, this 
study replaces the proxy for the core explanatory variable with an alternative measure 
derived from the entropy-TOPSIS method and then re-estimates the model. As presented 
in Column (3) of Table 5, the coefficient on DF1 is positive and significant at the 1% level, 
consistent in direction with the baseline regression and exhibiting a higher level of statis-
tical significance. This demonstrates that the promoting effect of data elements on urban–
rural integration remains statistically significant across different measurement ap-
proaches, reinforcing the robustness of the conclusions. 

  



Land 2026, 15, 1149 13 of 24 
 

https://doi.org/10.3390/land15071149 

4.2.4. Instrumental Variable Approach 

To alleviate potential reverse causality and omitted variable bias associated with data 
elements application, given data availability, this study selects the annual number of 
newly added 2G base stations at the prefecture level as the instrumental variable and con-
ducts two-stage least squares (2SLS) estimation. On the one hand, serving as a fundamen-
tal communication infrastructure, the coverage of 2G base stations directly dictates the 
convenience of regional data collection and transmission, exhibiting a high degree of cor-
relation with data elements application and thereby satisfying the relevance requirement. 
On the other hand, concurrent with the iterative upgrading of communication technolo-
gies, the utility of 2G base stations has gradually diminished; their spatial distribution is 
predominantly determined by early policy orientations and historical investment layouts, 
bearing no direct nexus with contemporary urban–rural integrated development, which 
fulfills the exogeneity condition. Column (4) of Table 5 shows that under instrumental 
variable estimation, the estimated coefficient of DF is 0.569 and is positively significant at 
the 5% level. This aligns with the baseline regression findings, providing further causal 
evidence that data elements application fosters urban–rural integrated development. 

4.3. Heterogeneity Analysis 

4.3.1. Regional Heterogeneity Analysis 

To investigate whether the impact of data elements application on urban–rural inte-
grated development exhibits regional heterogeneity, the sample is partitioned into two dis-
tinct sets: coastal regions and inland regions, and municipalities directly under the central 
government, and other non-municipality cities. The estimation results are presented in Table 
6. The results indicate that data elements application exerts a more significant effect in facili-
tating urban–rural integrated development in coastal regions and municipalities directly un-
der the central government, both significant at the 1% level with coefficients of 0.189 and 0.543, 
respectively. Relative to inland regions, coastal regions possess distinct advantages in innova-
tion capacity, economic growth, industrial structure optimization, and the degree of openness. 
These advantages provide favorable conditions for the deep integration of data elements with 
traditional production factors, thereby generating stronger diffusion effects through the ex-
tension of industrial, supply, and innovation chains. Concurrently, compared to other non-
municipality cities, municipalities hold a first-mover advantage in infrastructure level, public 
service provision, policy resource allocation, and entrepreneurial support. This advantage cul-
tivates a more conducive environment for the collection, processing, refining, annotation, cat-
egorization, and application of data elements, enabling them to play a more substantial role 
in driving urban–rural integrated development. 

Table 6. Regional Heterogeneity Analysis Results. 

 (1) (2) (3) (4) 
 Coastal Regions Inland Regions Municipalities Other Cities 

DF 0.189 *** 0.047 0.543 *** 0.051 
 (3.593) (0.927) (5.067) (1.139) 

Controls YES YES YES YES 
Year FE YES YES YES YES 
City FE YES YES YES YES 

N 1521 2132 52 3601 
R2 0.480 0.740 0.688 0.646 

Note: *** denotes statistical significance at the 1% level. t-statistics are reported in parentheses. 
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4.3.2. Heterogeneity Analysis Based on Regional Characteristics 

Disparities in regional economic growth, industrial structure advancement, and hu-
man capital levels engender pronounced heterogeneity in the role of data elements appli-
cation in driving urban–rural integrated development. Economic growth is measured by 
gross regional product; industrial structure advancement is proxied by the ratio of the 
value added of the tertiary industry to that of the secondary industry; and human capital 
level is proxied by the ratio of the number of students enrolled in regular higher education 
institutions to the average annual population. As reported in Table 7, the facilitating effect 
of data elements application on urban–rural integrated development is more significant 
in regions characterized by superior economic growth, more advanced industrial struc-
tures, and abundant human capital. This is primarily attributable to the fact that regions 
with higher levels of economic growth furnish the material and market foundations req-
uisite for the application of data elements; the advancement of industrial structures en-
hances the synergistic efficiency between data elements and traditional production fac-
tors; and abundant human capital bolsters the regional capacities to absorb, transform, 
and innovate using data elements. These factors collectively enable data elements appli-
cation to fully actualize its potential value, thereby exerting a stronger impetus on urban–
rural integrated development. 

Table 7. Heterogeneity Analysis Based on Regional Characteristics Results. 

 (1) (2) (3) (4) (5) (6) 

 Economic Growth Industrial Structure Advance-
ment Human Capital Levels 

 Low High Low High Low High 
DF −0.009 0.180 *** 0.048 0.159 *** 0.043 0.139 *** 

 (−0.152) (3.824) (0.801) (3.498) (0.341) (3.366) 
Controls YES YES YES YES YES YES 
Year FE YES YES YES YES YES YES 
City FE YES YES YES YES YES YES 

N 1820 1833 1820 1833 1820 1833 
R2 0.728 0.590 0.652 0.675 0.690 0.600 

Note: *** denotes statistical significance at the 1% level. t-statistics are reported in parentheses. 

4.4. Spatial Spillover Effects 

Given the near-zero marginal transmission cost and strong cross-regional mobility of 
data elements, their enabling effects are not confined by administrative boundaries, natu-
rally exhibiting cross-regional spatial spillovers. Meanwhile, Chinese cities are inextrica-
bly linked geographically and economically, causing urban–rural integration to exhibit 
distinct spatial network characteristics. Therefore, this study employs LM and LR tests to 
select the Spatial Durbin Model for further analysis of the spatial spillover effects of data 
elements application on urban–rural integrated development [47]. The specific model is 
specified in Equation (3): URI୧୲ = α଴ + ρWURI୧୲ + αଵDF୧୲ + φଵWDF୧୲ + ෍α୨Control୧୲ + ෍φ୨୨୨ WControl୧୲ + η୧ + v୲ + ε୧୲ (3)

In the above equation, W represents the spatial weight; 𝜌  denotes the spatial auto-
regressive coefficient; while  𝜑ଵ and  𝜑௝ are the variables coefficients, respectively. Other 
variables remain consistent with those in Equation (1). A geographical adjacency matrix 
is constructed as the weight matrix [48]. 

Table 8 presents the estimation results for the spatial effect analysis. The spatial au-
toregressive coefficient rho is 0.517 and is statistically significant at the 1% level, indicating 
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that urban–rural integrated development exhibits a spatial clustering phenomenon. 
Among the main effects, the coefficient for data elements application is 0.832 and is statis-
tically significant at the 1% level, indicating that data elements application has a signifi-
cant positive impact on urban–rural integrated development. However, the coefficient for 
the spatial lag term is −0.671 and is statistically significant at the 1% level, suggesting that 
the development of data elements application in neighboring regions has a negative im-
pact local urban–rural integrated development. The underlying mechanism may stem 
from the siphon effect triggered by the application of data elements in neighboring re-
gions. On the one hand, regions with higher levels of data elements application establish 
a first-mover advantage in digital industry development. According to industrial agglom-
eration theory, they can continuously attract data resources and human capital from sur-
rounding areas, thereby exerting an adverse impact on the factor endowments and devel-
opment momentum of those peripheries. On the other hand, regions with lower levels of 
data elements application exhibit notable deficiencies in data infrastructure and digital 
development, making it difficult to effectively absorb or transform potential data elements 
spillovers from adjacent areas. Furthermore, institutional factors across regions, such as 
local protectionism and administrative barriers, further impede the free cross-regional 
flow of data elements, thereby weakening or even offsetting potential positive spatial 
spillovers. 

Table 8. Analysis of Spatial Spillover Effect Results. 

 (1) (2) (3) (4) 
 Main Wx Spatial Variance 

DF 0.214 *** −0.926 *   
 (2.609) (−1.923)   

Controls YES YES   
rho   0.405 ***  

   (3.381)  
sigma2_e    0.000 *** 

    (42.761) 
Year FE YES 
City FE YES 

Observations 3653 
R-squared 0.027 

Note: *** and * denote statistical significance at the 1% and 10% levels, respectively. Z-statistics are 
reported in parentheses. 

5. Analysis of Transmission Channels 
5.1. Mediating Model Construction 

Characterized by non-scarcity and high permeability, data elements empower ur-
ban–rural integrated development not in isolation, but rather through a mutually embed-
ded and symbiotic relationship with traditional production factors. To unpack the internal 
causal black box of how data elements drive urban–rural integrated development, this 
study introduces an analysis of the mechanism [49,50]. Equations (4) and (5) are con-
structed to test the mediating effects of data elements application on urban–rural inte-
grated development through three transmission channels: facilitating labor mobility, mit-
igating capital misallocation, and enhancing TFP. The models are specified as follows: Med୧୲ = β଴ + βଵDF୧୲ + ෍ β୨୨ Control୧୲ + η୧ + ν୲ + ε୧୲ (4)
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URI୧୲ = θ଴ + θଵMed୧୲ + ෍ θ୨୨ Control୧୲ + η୧ + ν୲ + ε୧୲ (5)

In the above models, 𝑀𝑒𝑑௜௧ denotes the mechanism variables to be tested, specifi-
cally labor mobility, capital misallocation, and TFP. 

5.2. Mediating Variables 

5.2.1. Labor Mobility 

Labor mobility is measured using the gravity model approach [51,52]. The underly-
ing principle is that the shorter the geographic distance between economic agents, the 
greater the probability of interaction, and the continuous expansion of economic scale 
strengthens a region’s attractiveness to factor inflows. This study introduces regional 
wage levels and housing price levels as gravitational variables for labor mobility and con-
structs an output-constrained gravity model to capture both the intensity and the direc-
tion of interregional labor flows, as specified in Equation (6): 

LM୧୨ = L୧. L୨. ൬Wage୧Wage୨൰ . ൬House୧House୨൰D୧୨ୠ  (6)

In Equation (4), 𝐿𝑀௜௝ denotes the quantity of labor flowing from region i to region 
j;  𝐿௜ and 𝐿௝ represent the resident population of region i and region j, respec-
tively;  𝑊𝑎𝑔𝑒௜  and 𝑊𝑎𝑔𝑒௝ denote the average wages of employed persons in urban 
units; 𝐻𝑜𝑢𝑠𝑒௜  and 𝐻𝑜𝑢𝑠𝑒௝ denote the average residential sales prices;  𝐷௜௝௕  is the geographic distance between region 𝑖 and region 𝑗;  and b is the distance decay pa-
rameter, which is set to 2 in this study. Furthermore, the total labor mobility of region i, 
denoted as 𝐿𝑀௜, is calculated as specified in Equation (7): LM୧ = ෍ LF୧୨୫୨ୀଵ  (7)

5.2.2. Capital Misallocation 

Capital misallocation is measured based on the degree of capital price distortion [53]. 
Assuming that the production function varies across regions, the production function of 
a representative firm in region 𝑖 is specified as 𝑌௜ = 𝐴௜𝐾௜ఈ೔𝐿௜ఉ೔, which satisfies the condi-
tion of constant returns to scale. Here, 𝑌௜ denotes real output, 𝐾௜  denotes the capital 
stock, 𝐿௜  denotes the number of workers, 𝛼௜ and 𝛽௜ represent the capital and labor income 
shares, respectively. Under perfect competition, the product price is denoted by 𝑃௜, and 
the factor price of capital is 𝑅௜. If factor market distortions exist, the “distortionary taxes” 
faced by capital are denoted by 𝜏௞೔, implying that firms actually pay 𝑅௜(1 + 𝜏௞೔) for cap-
ital. Based on the first-order condition for profit maximization of the representative firm 
and incorporating cross-regional resource constraints, the equilibrium quantity of capital 
allocated to region i is derived as shown in Equation (8): K୧ = ቈ P୧α୧Y୧(1 + τ୩౟)R୧ /෍ P୨α୨Y୨(1 + τ୩ౠ)R୨୒୨ୀଵ ቉K (8)

The absolute factor distortion is defined as 𝛾௞೔ = 1/(1 + 𝜏௞೔), while the relative dis-
tortion captures the deviation of a region’s factor price from the average distortion level 
across all regions. Accordingly, the relative capital distortion for region i is expressed as 
in Equation (9): θ୩౟ = γ୩౟/෍ (s୨α୨α୒୨ୀଵ )γ୩ౠ (9)
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where 𝑠௜ denotes the share of the region 𝑖’s output in the total economy at equilibrium, 
and 𝛼  is the output-weighted average capital contribution across regions. Solving the 
above yields the degree of capital misallocation, 𝜃௞೔, denoted as CD. 

5.2.3. Total Factor Productivity 

TFP is measured using the stochastic frontier analysis approach [54]. Real gross re-
gional product is employed as the output indicator, while the number of employed per-
sons and the capital stock serve as input indicators, with the capital stock estimated using 
the perpetual inventory method. 

5.3. Test of Transmission Channels 

To further verify the transmission mechanisms through which data elements appli-
cation drives urban–rural integrated development—namely, facilitating labor mobility, 
mitigating capital misallocation, and enhancing TFP—this study conducts mechanism 
tests, with the results reported in Table 9. 

Columns (1)–(2) report the test results for the labor mobility channel. Column (1) es-
timates the impact of data elements application on labor mobility; the coefficient is 0.013 
and statistically significant at the 1% level. This indicates that, leveraging its high perme-
ability, the data elements application effectively reduces information asymmetry in urban 
and rural labor markets and broadens the job search radius, thereby promoting the cross-
regional flow of labor. Column (2) further verifies the promoting effect of labor mobility 
on urban–rural integrated development, with a coefficient of 0.653 that is statistically sig-
nificant at the 1% level. This confirms that data elements application advances urban–
rural integrated development by facilitating labor mobility, which validates Hypothesis 
2a. 

Columns (3)–(4) present the results for the capital misallocation channel. Column (3) 
shows the impact of data elements application on capital misallocation; the coefficient is 
negative and statistically significant at the 1% level, indicating that data elements enhance 
the information transparency and matching efficiency of financial markets, guiding capi-
tal to flow toward highly efficient sectors and thereby reducing the level of capital misal-
location. Combined with the results in Column (4), the improvement in capital misalloca-
tion makes a significant positive contribution to urban–rural integrated development. 
Therefore, Hypothesis 2b is supported. 

Columns (5)–(6) report the mediation results of TFP. In Column (5), the coefficient of 
data elements application on TFP is 0.309 and statistically significant at the 1% level. This 
confirms that data elements, acting as a general-purpose technology, generate technolog-
ical spillovers and scale effects, effectively enhancing the TFP of the economic system. 
Combined with Column (6), TFP improvement plays a statistically significant mediating 
role in the nexus between data elements application and urban–rural integrated develop-
ment, which validates Hypothesis 2c. 

Table 9. Test Results of Transmission Channels. 

 (1) (2) (3) (4) (5) (6) 
 LM URI CD URI TFP URI 

DF 0.013 ***  −0.034 ***  0.309 ***  
 (2.791)  (−4.769)  (4.838)  

LM  0.653 ***     
  (4.091)     

CD    −0.245 ***   
    (−3.039)   

TFP      0.040 *** 
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      (3.906) 
Controls YES YES YES YES YES YES 
Year FE YES YES YES YES YES YES 
City FE YES YES YES YES YES YES 

N 3653 3653 3653 3653 3653 3653 
Note: *** denotes statistical significance at the 1% level. t-statistics are reported in parentheses. 

6. Discussion and Conclusions 
6.1. Discussion 

The estimation results from the two-way fixed-effects model indicate that the appli-
cation of data elements significantly promotes urban–rural integrated development. This 
finding is broadly consistent with the core conclusions of the existing literature. Studies 
on the digital economy have established that the widespread penetration of digital tech-
nologies can reduce information asymmetry and enhance factor allocative efficiency, 
thereby facilitating urban–rural integrated development [55]. However, most existing re-
search adopts a macro perspective centered on the digital economy or digitalization, and 
has yet to thoroughly examine the role of data factors as an independent and novel pro-
duction factor in shaping urban–rural integrated development. This study disentangles 
data elements from the macro context of the digital economy, reveals their unique ad-
vantages from three dimensions—cross-boundary circulation, multidimensional integra-
tion, and efficiency gains from reuse—and empirically tests their promotive effect on ur-
ban–rural integrated development. 

We construct and examine three transmission channels through which data elements 
application affects urban–rural integrated development: facilitating labor mobility, miti-
gating capital misallocation, and enhancing TFP. Regarding the labor mobility channel, 
existing studies predominantly adopt a unidirectional perspective on urban–rural labor 
migration, focusing on the transfer of rural surplus labor to urban areas [56]. This study 
further reveals that data elements not only lower information barriers in urban–rural labor 
markets but also expand the allocative space for labor through emerging employment 
forms such as the platform economy and flexible employment, enabling smoother and 
more efficient two-way labor mobility between urban and rural areas. With respect to the 
capital misallocation channel, extant literature centers on the accessibility of urban–rural 
financial services and the equilibrium of credit rationing [57]. By contrast, this study high-
lights how the application of data elements mitigates urban–rural capital misallocation by 
enhancing information transparency and reducing transaction costs. As for the TFP chan-
nel, prior research typically treats TFP as an outcome variable of digital economy devel-
opment rather than a transmission mechanism [58]. This study incorporates TFP into a 
mediation effect framework, empirically verifying the transmission path whereby data 
elements application enhances TFP via efficiency gains from reuse, which in turn pro-
motes urban–rural integrated development. 

Regarding heterogeneity, most extant literature delineates heterogeneity along the 
macro geographic gradient of eastern, central, and western China [59]. This study further 
incorporates intra-city structural characteristics and development endowments into the 
explanatory framework. The results show that the promoting effect of data elements ap-
plication on urban–rural integrated development is more significant in regions character-
ized by higher levels of economic development, more advanced industrial structures, and 
more abundant human capital. This finding corroborates the established argument con-
cerning the digital divide in digital economy development [60]. It indicates that the em-
powering effect of data elements can only reach its optimal level through deep integration 
between data elements and traditional factors when a region’s factor endowments have 
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accumulated to a certain threshold. This provides empirical support for implementing 
differentiated digital village strategies tailored to local conditions and specific contexts. 

In terms of spatial spillover effects, this study finds that while data elements applica-
tion facilitates local urban–rural integrated development, it imposes a significant negative 
impact on urban–rural integration in neighboring regions. This finding aligns with the 
theoretical expectations of polarization and peripheral effects in New Economic Geogra-
phy: in the initial stage of market-oriented data elements allocation, regions with first-
mover advantages may generate adverse impacts on neighboring areas through factor at-
traction. Most existing studies on factor allocation rely on traditional non-spatial econo-
metric models, which tend to neglect the spatial correlation of cross-regional factor flows 
[61]; others unilaterally emphasize the inherently positive spatial spillovers of the digital 
economy [62]. This study demonstrates that against the backdrop of regional integration 
and marketization, the high mobility of data elements may accelerate the agglomeration 
of high-quality labor and capital toward core cities or advantaged regions, thereby wid-
ening the urban–rural gap relative to surrounding less-developed areas. Therefore, while 
harnessing the advantages of data elements, it is imperative to remain vigilant about the 
inter-regional development imbalances they may induce. Establishing cross-regional col-
laborative governance and benefit-sharing mechanisms is of paramount importance. 

6.2. Conclusions 

Drawing on prefecture-level panel data from 281 cities in China from 2011 to 2023, 
this study employs a two-way fixed-effects model to examine the effects and transmission 
channels of data elements application on urban–rural integrated development. Four main 
conclusions are drawn from the analysis. (1) Data elements application exerts a significant 
and positive promotional effect on urban–rural integrated development. On average, a 
1% increase in the level of data elements application is associated with a 0.089% rise in the 
urban–rural integrated development index. This effect remains statistically significant fol-
lowing the stepwise inclusion of control variables and a series of robustness checks, fur-
ther corroborating the positive role of data elements application in advancing urban–rural 
integrated development. (2) The mechanism analysis demonstrates that data elements ap-
plication advances urban–rural integrated development through three primary transmis-
sion channels: promoting labor mobility, mitigating capital misallocation, and elevating 
TFP. (3) Heterogeneity analysis reveals that the promotive effect of data elements appli-
cation on urban–rural integrated development exhibits both regional heterogeneity and 
heterogeneity in local development endowments. In terms of regional heterogeneity, com-
pared with inland regions and other non-municipality cities, data elements application 
plays a more significant role in promoting urban–rural integrated development in coastal 
regions and municipalities directly under the central government. Regarding local char-
acteristic heterogeneity, the promotional effect is more pronounced in regions character-
ized by higher levels of economic development, more advanced industrial structures, and 
more abundant human capital. (4) Analysis of spatial spillover effects indicates that the 
application of data elements exhibits significant agglomeration characteristics across 
space. However, the coefficient of data elements application in the spatial lag term stands 
at −0.926 and is statistically significant at the 10% level, implying that data elements ap-
plication in neighboring regions may exert a negative impact on local urban–rural inte-
grated development via the siphon effect. 

This study makes three key contributions to the extant literature. First, while most 
existing studies treat data elements as an implicit component of the digital economy, this 
study explicitly defines the unique attributes of data elements and empirically examines 
their direct effect on urban–rural integrated development, thereby clarifying the specific 
role of data elements in shaping urban–rural integration. Second, by identifying three 
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distinct transmission channels through which data elements affect urban–rural integrated 
development, this study extends traditional factor allocation theory. Rather than simply 
substituting for traditional input factors, data elements function as a catalyst that im-
proves the allocation efficiency of existing resources between urban and rural areas, high-
lighting that data elements play a multiplicative rather than additive role in advancing 
urban–rural integration. Third, the finding of significant negative spatial spillovers con-
stitutes an important complement to the spatial economic theory of urban–rural relations. 
This study shows that data elements application in one region may adversely affect ur-
ban–rural integrated development in neighboring regions through the siphon effect, re-
vealing the dual nature of data-driven development as both centripetal and centrifugal 
forces within a regional system. This provides a more comprehensive understanding of 
the spatial dimension of data-driven development. 

6.3. Policy Recommendations 

6.3.1. Accelerate the Construction of Data Elements Markets and Establish an  
Urban–Rural Integrated Data Element Circulation System 

For the central government, the top priority is to advance the construction of a uni-
fied and open national data elements market. Efforts should focus on exploring and refin-
ing foundational institutional frameworks concerning the confirmation of data property 
rights, circulation and trading, revenue distribution, and security governance. This en-
sures that throughout the entire process of data collection, circulation, and utilization, 
rights and responsibilities are clearly defined, transactions are efficient, and security is 
maintained. For local governments, the emphasis should be placed on establishing re-
gional data trading platforms, with particular priority given to promoting the standardi-
zation, assetization, and market-oriented circulation of agriculture-related data—such as 
meteorological conditions, soil data, agricultural product prices, and logistics infor-
mation. This aims to break down data silos, facilitate the efficient flow of data elements 
between urban and rural areas, and achieve deep urban–rural integration at the industrial, 
resource, and informational levels. 

6.3.2. Deepen the Integration of Data Elements with Labor, Capital, and Technology to 
Unleash the Multiplier Effect of Data Elements 

First, construct a unified urban–rural digital platform covering employment infor-
mation and vocational services. Integrating urban and rural labor force data with voca-
tional skill information can improve information transparency and labor matching effi-
ciency, thereby promoting the orderly flow of labor between urban and rural areas. Sec-
ond, improve the digital inclusive financial system and further deepen the reform of the 
rural property rights system. Promoting institutional innovation in factor circulation and 
policy-based financial support can guide urban capital to flow into rural areas, mitigate 
urban–rural capital misallocation, and improve capital utilization efficiency. Third, accel-
erate the extensive application of digital technologies in agriculture, manufacturing, and 
service industries. Making full use of big data, artificial intelligence, the Internet of Things, 
cloud computing, and other digital technologies to optimize production processes, im-
prove management efficiency, and facilitate technology diffusion will extend and inte-
grate industrial chains, providing sustained impetus for urban–rural integrated develop-
ment. 

  



Land 2026, 15, 1149 21 of 24 
 

https://doi.org/10.3390/land15071149 

6.3.3. Implement Differentiated and Targeted Strategies to Promote Urban–Rural  
Integrated Development in a Localized Manner 

Coastal regions and municipalities directly under the central government should 
give full play to their comparative advantages in digital economy development, industrial 
agglomeration, and technological innovation to explore higher-level models of urban–ru-
ral integrated development, realizing in-depth linkage of resources, technology, and in-
dustries between urban and rural areas. Inland regions and other non-municipality cities 
should increase fiscal transfer payments and policy inclination, systematically shore up 
weaknesses in digital infrastructure, improve human capital quality, and optimize indus-
trial structures, so as to strengthen the empowering role of data elements application in 
facilitating the efficient flow of urban–rural factors. For regions with a higher level of eco-
nomic development, advanced industrial structures, and abundant human capital, greater 
emphasis should be placed on amplifying the multiplier and demonstration effects of data 
elements. Data elements should be used to empower the extension of urban–rural indus-
trial chains through facilitating interactive development between advanced urban indus-
tries and rural characteristic industries, and achieve synergies between industrial struc-
ture upgrading and coordinated regional economic development. Meanwhile, optimize 
the flow mechanism of high-quality human capital between urban and rural areas, en-
courage innovative factors to extend to grassroots regions, and promote the two-way dif-
fusion of knowledge, technology, and innovative resources, ultimately achieving high-
quality urban–rural integrated development. 

6.3.4. Mitigate the Spatial Siphon Effect and Promote Coordinated Regional Development 

First, a cross-regional data sharing mechanism should be established to facilitate the 
cross-regional circulation of data elements. The government should design an institu-
tional framework mandating data sharing among adjacent regions and create an incentive 
structure to reward areas that contribute to collective data resources. Cities should estab-
lish regional data alliances and collaborative governance platforms to promote the equi-
table distribution of data-driven development benefits across jurisdictions. Second, digital 
infrastructure construction in less developed areas should be strengthened to narrow the 
digital divide and enhance their absorptive capacity for positive spillovers from neigh-
boring regions. Targeted investments should be directed toward broadband networks, 
cloud computing facilities, and data processing centers in underdeveloped areas, ensur-
ing they possess the technological foundation to benefit from data-driven innovations in 
developed regions. Third, a mechanism for the coordinated development of the regional 
digital economy should be established to prevent vicious competition among regions and 
foster mutually beneficial outcomes. This includes creating cross-regional digital economy 
coordination committees, formulating joint digital industry planning frameworks, and 
implementing complementary digital infrastructure investment strategies. 

6.4. Limitations and Future Research 

While this study provides robust empirical evidence on the relationship between 
data elements application and urban–rural integrated development, several limitations 
remain that warrant further exploration in future research. Regarding data availability 
and measurement, the construction of the data elements application index relies on pub-
licly available prefecture-level statistical data, which may not fully capture the depth and 
quality of data utilization within cities. Future research should endeavor to develop more 
refined measurement frameworks that incorporate firm-level and household-level indica-
tors of data elements utilization, as well as qualitative indicators capturing data govern-
ance quality and institutional dimensions. Regarding the comprehensiveness of the mech-
anism analysis, although the mediating effect model provides valuable evidence for the 
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three transmission channels identified in this study, it does not exhaust the full spectrum 
of transmission mechanisms. Additional pathways—such as data-driven equalization of 
public services, improvements in digital governance, and the expansion of rural consumer 
markets—may also play pivotal roles. Future research should examine these additional 
mechanisms and employ structural equation modeling or integrated analytical frame-
works to capture the full complexity of the causal chains through which data elements 
shape urban–rural integration. Furthermore, as the market for data elements continues to 
evolve and mature in China and other regions, longitudinal studies tracking the dynamic 
effects of data elements application on urban–rural integrated development will contrib-
ute to a more comprehensive understanding of the long-term impacts of data-driven de-
velopment on spatial inequality and regional convergence. 
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