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Abstract: Whether and how new infrastructure (NI) promotes urban-rural integration (URI) re-
mains crucial for addressing unbalanced urban—rural development. This study analyzes panel data
from 31 provincial-level administrative regions in China (2013-2022) to construct an evaluation in-
dex system for URI, encompassing economic, social, ecological, spatial, and demographic dimen-
sions. Using the entropy method, the study quantifies the development level of NI and investigates
its differential effects on URI. The empirical findings demonstrate that NI exhibits a significant pos-
itive effect on URI, with the strongest impact manifested in economic and spatial dimensions. The
influence on social, ecological, and demographic aspects, while positive, is comparatively modest.
Regional disparities and innovation investment levels contribute to the heterogeneous impact of NI.
Moreover, the study reveals that industrial structure advancement serves as the transmission mech-
anism through which NI drives URL The promotional effect becomes more pronounced after cross-
ing both the double threshold of industrial structure upgrading and the single threshold of indus-
trial structure rationalization. Based on these findings, the following policy recommendations are
proposed to optimize the new infrastructure investment structure, promote deep integration with
industrial structural adjustments, and implement new infrastructure construction in accordance
with local conditions.

Keywords: new infrastructure; urban-rural integration; industrial structure advancement; media-
tion effect; threshold effect

1. Introduction

Infrastructure constitutes the cornerstone of economic and social development, serv-
ing strategic, foundational, and leading functions. The correlation between the state of
infrastructure and variations in regional development remains a central focus in economic
discourse. Traditional infrastructure’s impact on urban-rural gaps demonstrates com-
plexity: while some studies indicate it facilitates trade, investment, and commerce
through enhanced physical connectivity [1,2], thereby reducing regional differentiation
[3], others suggest it promotes economic agglomeration [4,5], potentially widening urban—
rural disparities. New infrastructure, as the evolutionary successor to traditional infra-
structure, is characterized by information networks, technological innovation, and digital
integration. Its unique capacity to transcend physical boundaries may transform conven-
tional regional development patterns, potentially reshaping urban-rural development dy-
namics distinctly from traditional infrastructure [6,7].

Since 2020, China has systematically advanced new infrastructure development,
achieving significant milestones. By 2022, China had established 2.312 million 5G base
stations, accounting for more than 60% of the worldwide total, at a rate of 16.4 stations for
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every 10,000 inhabitants. Regarding computing power infrastructure, the cumulative ca-
pacity of data center racks had reached 5.9 million standard racks, housing about 20 mil-
lion servers, placing China in the second position globally in terms of computing power.
Additionally, industrial internet platforms had integrated over 80 million industrial de-
vices, providing services to more than 1.6 million industrial enterprises [8]. However,
China’s urban-rural development continues to face challenges including spatial dishar-
mony, east-west regional disparities, and significant urban-rural income gaps [9-12].
Over time, China has experienced a process of urban-rural gaps widening, then fluctuating
at high levels, and finally converging [12]. This unique context of rapid new infrastructure
development, alongside persistent urban-rural gaps, makes China an ideal case study. The
key questions to address are as follows: Can the new infrastructure promote integrated ur-
ban-rural development? What are the key mechanisms through which new infrastructure
affects urban—rural integration development? Is there heterogeneity in these effects?

Academic discourse remains divided on new infrastructure’s capacity to narrow ur-
ban-rural gaps. One perspective suggests that new infrastructure may exacerbate dispar-
ities, arguing it cannot enhance traditionally infrastructure-constrained industries like ag-
riculture [13] or serve as an immediate economic stimulus [14]. It might enhance urban
productivity due to the movement of labor and the presence of agglomeration benefits [5],
accelerating urban development [15-17], while the digital divide could amplify urban-
rural innovation gaps [18]. Conversely, alternative research indicates that new infrastruc-
ture investment introduces novel products and markets to rural areas, stimulates agricul-
tural enterprise innovation, and enhances rural economic value [19]. Information infra-
structure effectively mitigates rural income inequality [20,21] and helps bridge farmers’
access gaps [22]. In fact, the innovative, interconnected, and shared characteristics of new
infrastructure produce new impacts that traditional infrastructure does not have, such as
from economic [23], social [24], spatial [25], demographic [26], and ecological [27,28] per-
spectives, potentially providing substantial support for urban—rural integration develop-
ment. In terms of research methods, the entropy method, the analytic hierarchy process,
the principal component weighting method, and the revised dynamic coordination cou-
pling degree (CCD) model are commonly used for evaluating urban—rural integration and
new infrastructure [29,30]. Existing studies have analyzed the impact on urban-rural in-
tegration from perspectives such as factor allocation, fiscal decentralization, and new ur-
banization [31,32], with multivariate regression models, spatial econometrics, and geo-
graphically weighted quantile regression (GTWR) serving as the primary analytical tools
for these factors [33,34]. Based on the existing research, the following is true: First, current
studies on the direct relationship between new infrastructure and urban-rural integration
are not systematic and in-depth enough, mostly focusing on external direct factors of ur-
ban-rural integration while neglecting the analysis of internal relationships; Second, ex-
isting research fails to consider the regional differences in urban-rural integration devel-
opment by capturing the characteristics of new infrastructure; Third, existing research
lacks the study on the effect and mechanism of new infrastructure driving urban-rural
integration development.

This research analyzes the effects and mechanisms of new infrastructure (NI) on ur-
ban-rural integration (URI) in China. The study’s core components encompass the follow-
ing: (1) Utilizing panel data from China’s 31 provincial regions (2013-2022) to evaluate the
influence of NI on the economic, social, ecological, spatial, and demographic facets of URI,
with the objective of offering strategies for fostering high-quality integration; (2) Imple-
menting robustness tests, such as instrumental variable approaches, the removal of outli-
ers, and tail truncation, to validate the robustness of the results; (3) Exploring the varying
impacts of regional distribution and investment in technological innovation on the nexus
between NI and URI; (4) Investigating the mediating and threshold effects to delineate the
intrinsic dynamics. Notably, indicators of industrial structure upgrading are employed as
mediators to assess the direct effects of NI and as threshold indicators to examine the non-
linear impacts on URL
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The marginal contributions of our findings are as follows: Firstly, this investigation
expands upon the existing literature on the effects of traditional infrastructure on URI by
integrating the influence of digital, intelligent, and network technologies; Secondly, it sys-
tematically examines the function of NI in advancing URI, transitioning from a one-direc-
tional urbanization approach to an emphasis on the mutual reliance and connectivity be-
tween urban and rural regions; Thirdly, it scrutinizes the impact mechanism of NI on URI
through the lens of industrial structure, enhancing the theoretical underpinnings of URI
and providing a conceptual framework for the formulation and implementation of future
policy initiatives.

The article is structured as follows: Section 2 presents the literature review and hy-
potheses. Section 3 details model construction and variable description. Section 4 conducts
empirical analysis, including regression results, robustness tests, and heterogeneity anal-
yses. Section 5 concludes with policy recommendations.

2. Literature Review and Hypothesis

Building on the distinctive characteristics of informatization, intelligence, network-
ing, and environmental sustainability, NI has substantially advanced URI by enhancing
economic efficiency [35,36], promoting social equity [37], safeguarding the ecological en-
vironment [38], optimizing spatial configurations, and improving population structures.
This has achieved balance and harmony between urban and rural areas across economic,
social, ecological, spatial, and demographic dimensions [39]. Firstly, by improving the ef-
ficiency of information, logistics, capital, and technology flows, NI reduces transaction
costs between urban and rural areas, strengthens market connections, fosters industrial
coordination and resource sharing [40], and intensifies economic interactions between ur-
ban and rural economies. Secondly, NI bridges the social divide between urban and rural
areas by providing equitable access to public services including education and healthcare
[41,42], thus promoting social integration among urban and rural residents. Thirdly, the
environmentally sustainable nature of NI contributes to enhancing the quality of urban
and rural environments, promoting ecological protection and sustainable development
[43,44], and achieving harmonious coexistence of urban and rural ecological environ-
ments. Fourthly, networked infrastructure optimizes the spatial distribution of urban and
rural areas, facilitates the clustering and dispersion of economic activities, and promotes
the optimization and integration of urban and rural spatial structures [45]. Fifthly, NI cre-
ates enhanced employment opportunities and educational resources for rural residents,
facilitates population mobility and talent exchange, and promotes the optimization and
integration of urban and rural population structures [26]. However, urban—rural social
integration, ecological environment integration, and population integration involve more
intangible factors such as social culture, ecological systems, and population dynamics.
The integration of these fields requires a longer timeframe and more sophisticated insti-
tutional frameworks and social interactions [46]. Consequently, the direct impact of NI on
economic and spatial integration is likely to be more immediate and substantial, whereas
its influence on social, ecological, and population integration is relatively indirect and
gradual. Based on these considerations, this paper proposes the following:

Hypothesis 1. The NI has a promotional effect on URI.

Hypothesis 2. NI exerts a stronger influence on urban—rural economic and spatial integration
compared to social, ecological, and population integration.

The effectiveness of NI exhibits significant geographical variation [47]. The eastern
region possesses advanced economic development, sophisticated transportation net-
works, and well-established industrial structures, with superior NI development in terms
of both capital sources and investment scale. However, the marginal benefits of NI's im-
pact on URI in this region remain uncertain. In contrast, the western region, despite its



Buildings 2024, 14, 3978

4 of 22

infrastructure lag, presents considerable potential for NI development, lower industrial
restructuring costs, and distinct late-mover advantages. The central region demonstrates
varying levels of provincial development, with disparate alignment between NI demand
and investment, making its contribution to URI less definitive. Additionally, NI develop-
ment is fundamentally driven by innovations in next-generation information and commu-
nication technology. Scientific and technological investment serves as both the foundation
and catalyst for NI, providing a theoretical framework for analyzing the heterogeneous
effects of NI on URI [48]. From an economic perspective, provinces with substantial scien-
tific and technological investment typically demonstrate more robust economic activities,
diverse market opportunities, stronger capital attraction, efficient resource allocation, and
superior innovation transformation capabilities. These regions successfully cultivate high-
tech industries, facilitate traditional industry upgrading, and achieve industrial structure
optimization. Consequently, scientific and technological investment emerges as a critical
factor in understanding the varying impacts of NI on URI across different innovation-ori-
ented regions [49]. Based on these considerations, this paper proposes the following:

Hypothesis 3. Regional distribution patterns and innovation investment levels generate hetero-
geneous impacts of NI on URL

The key driver for the selection, adjustment, and upgrading of an industrial struc-
ture in a region lies in the changes of factor endowments [50]. The digital development
and application of NI not only introduce new data production factors but also improve
the combination of traditional production factors. This actively promotes the optimiza-
tion and upgrading of urban and rural industrial structures and fosters a more coordi-
nated, efficient, and sustainable urban—-rural industrial ecosystem, thereby empowering
the integrated development of urban and rural industries. On one hand, the transfor-
mation of traditional industries is mainly reflected in the application of digital infor-
mation technology, which drives the evolution of traditional industries towards digitali-
zation and intelligence, improving traditional production and organizational models
[51]. For instance, in the agricultural sector, improving new agricultural infrastructure
and developing smart agriculture help to establish a standardized agricultural produc-
tion system [52], shifting rural areas from a single agricultural-based industrial structure
to the integrated development of primary, secondary, and tertiary industries; in the in-
dustrial and service sectors, NI promotes the integration of producer services and manu-
facturing [53], accelerates the flow of capital and labor between industrial sectors, and
achieves a high interconnectivity of people, machines, and objects, as well as the con-
struction of full-factor chain, full-industry chain, and full-value chain, effectively inte-
grating resources and optimizing the industrial structure from the aspects of factor flow
and resource integration [54]. On the other hand, the digital advancement of industries
can markedly improve industrial productivity and the efficiency of resource utilization.
[55,56]. The application of digital technology also effectively improves the speed of re-
source flow and the upgrading of the industrial chain [57]. NI strengthens the linkage
between upstream and downstream industries, optimizes the industrial chain layout,
and thus increases the added value and competitiveness of the entire industry chain. In
addition, investments in NI construction continuously give birth to new industries, new
business formats, and new models. While achieving the advancement of industrial struc-
ture, it also increases local tax revenues [58], creates job opportunities [59], raises income
levels [60], promotes the equalization of public services [61], and facilitates technology
diffusion and market integration [62]. These mechanisms effectively enhance the mutual
availability of urban and rural resources and the optimized allocation of production fac-
tors. This paper proposes the following:
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Hypothesis 4. NI promotes URI through the upgrading of industry structure.

Industrial structure adjustment, encompassing both upgrading and rationalization,
represents a complex and dynamic evolutionary process [63]. Throughout different stages
of this evolution, the impact of NI on URI varies significantly [64]. During the initial
phases of industrial structural adjustment and NI development, most agricultural entities
possess limited digital technology capabilities, primarily relying on traditional production
methods, resulting in weak integration with Nl initiatives. Consequently, the promotional
effect of NI on URI remains modest. With the relentless advancement of information net-
works and the gradual dissemination of information and communication technologies,
the boundaries between economic activities across various sectors have become increas-
ingly blurred. Additionally, the costs associated with utilizing NI, for instance the Internet
of Things and big data centers, have seen a significant decline. On one hand, the extensive
application of NI has enhanced the capabilities of digital technology, which in turn has
boosted agricultural productivity and extended the industrial chain. This transition from
traditional agriculture to high-value-added secondary and tertiary industries has imbued
NI with the potential to drive industrial upgrading [14,65], resulting in a dynamic trans-
formation of urban-rural integration processes. The marginal costs of interdepartmental
linkages continue to decrease, while the benefits reaped by participants have increased
exponentially. On the other hand, the development of NI has gradually driven the diver-
sification and high value of rural industries [66], which not only increases rural employ-
ment opportunities and residents’ income but also attracts urban capital and technology
to flow to rural areas, as well as optimizing the allocation of urban and rural resources.
Moreover, these effects will become more and more obvious with the improvement of the
level of NI and the upgrading and rationalization of the industrial structure. This paper
proposes the following:

Hypothesis 5. NI exhibits non-linear effects on URL

3. Methodology
3.1. Model Design
3.1.1. Baseline Regression

To evaluate the impact of China’s NI on URI, a linear regression model was formu-
lated employing ordinary least squares (OLS) estimation (Equation (1)). To further dissect
the influence of NI on the multifaceted dimensions of URI, a sub-dimensional OLS regres-
sion model (Equation (2)) was constructed. To mitigate the effects of heteroskedasticity,
robust standard errors were employed in the regression analysis. The models are pre-
sented as follows:

Vit = Op T 01Xj¢ + Z o Zic + pi + @ + & 1)

Vitj = o + Xt + Z aZip + Wi + @+ & )

In the model, y is the dependent variable, x;. is the vector of explanatory variables,
i and t represent the province and year, respectively, while j denotes the five dimensions
of URI: j = 1 for economic integration, j = 2 for social integration, j = 3 for ecological inte-
gration, j = 4 for spatial integration, and j = 5 for population integration; Z;represents
control variables; p;, ¢., and ¢; represent province fixed effects, time fixed effects, and
the error term, respectively.
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3.1.2. Mediation Model

Beyond the direct effect captured by Equation (1), to explore the potential mecha-
nisms through which NI influences URI, we tested whether UIS acts as a mediator be-
tween the two variables, as previously discussed. The specific steps for this test are as fol-
lows: Based on the significance of coefficient a; in the linear regression model (1) of NI on
URI, we constructed separate linear regression equations for NI on the mediator UIS and
for both NI and UIS on URL By examining the significance of regression coefficients f5;, ¥4,
and y,, we determined the presence of a mediating effect. The model is as follows:

Mjc = Bo + Bixjc + Z BaZic + Wi + @ + &t 3)

Yie = Yo+ YiXig + V2 M + Z Y3Zic + 1 + @ + & 4)

Based on the aforementioned formula, the following steps are taken to test the medi-
ating variable: First step, examine whether the x;; has an impact on y;,. If the effect is
significantly positive, it indicates a positive impact effect. Second step, analyze the rela-
tionship between x;; and M. If §; meets expectations, proceed to the next test. Third
step, if y, is significant and y;is less than a; or shows a significant decrease, it implies
that introducing M;; has reduced the impact of x;: on y;.. If y,is not significant, it sug-
gests that M;; plays a mediating role in the process of x;; promoting y;,. On this basis,
using f;1¥,/a;, one can estimate the ratio of the indirect effect to the total effect of M;;.

3.1.3. Threshold Regression

In addition to the mediating effect model, the empirical test of the indirect conduction
mechanism should also consider that UIS and RIS may also have an indirect effect on the
nonlinear effect of MI-facilitated URI. Therefore, in order to avoid the arbitrariness of ar-
tificially dividing samples, the following threshold regression model is constructed on the
basis of Equation (1):

Yi,t = 80 + 81Xi,t X I(Thvit < 91) + 62Xi,t X 1(61 < ThVit

5

S 92)+. e +8nXi,t X I(Ttht > en) + Z 83Zit + p’l + (.pt + sit ( )

Among them, Thv;; represents the threshold variable. I(-)is an indicative function

and the value of 0 if it does not meet the conditions in parentheses; if the condition in
parentheses is matched, the value is 1.

3.2. Variable Selection
3.2.1. Dependent Variable

URI is a complex process that spans multiple dimensions, including urban-rural eco-
nomic integration (Urei), urban-rural social integration (Ursoi), urban-rural ecological
environment integration (Ureei), urban—rural spatial integration (Urspi), and urban-rural
population integration (Urpi). Urei lays the material foundation for Ursoi, which in turn
feeds back into sustained economic development. Ureei ensures the sustainability of the
urban and rural environment, while Urspi provides the physical platform for economic
and social activities. Urpi fosters balanced development across various fields through tal-
ent mobility. Overall, these dimensions are mutually supportive and constraining, jointly
propelling the shift from urban-rural segregation to integration, realizing a comprehen-
sive, coordinated, and sustainable development pattern [67,68]. To scientifically evaluate
the URI, this paper constructs an indicator system with five dimensions: (1) Urei is the
cornerstone of URI, encompassing the movement and allocation of production factors, as
evidenced by income disparities, living standards, industrial shifts, and economic growth;
(2) Ursoi signifies the fruits of integration, ensuring equitable access to public services like
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healthcare, culture, and communication for all residents; (3) Ureei underscores the com-
mitment to sustainable development, highlighting greening efforts, environmental stew-
ardship, and ecological preservation; (4) Urspi characterizes the spatial dynamics, illus-
trating the interplay of transportation, land use, and information exchange; (5) Urpi por-
trays the demographic dimension, tracking population distribution, structure, and em-
ployment patterns, and facilitating a two-way flow of people. Subsequently, 18 indicators
are meticulously selected to encapsulate the flow and distribution of urban-rural produc-
tion factors, the equity of social and public service opportunities, the harmonious propul-
sion of circular and green development, population distribution, and information flow.
This inclusive index framework is utilized to measure the level of URI in China.

Measurement methodologies such as the Entropy method, Analytic Hierarchy Pro-
cess, Principal Component Analysis, and Factor Analysis are commonly used to evaluate
development level of China’s URL Among these, the Entropy method, based on infor-
mation entropy, is a robust multi-criterion decision tool for objective indicator weighting,
facilitating optimal decision-making [69]. This paper employs the entropy method to com-
pute the weight coefficients of the index system for China’s URI. Following the normali-
zation of the original data using MATLAB R2019a software, the entropy values are deter-
mined, and, subsequently, the weight coefficients are derived. The outcomes are pre-
sented in Table 1. The indicators at the indicator level are categorized into Positive Indica-
tors and Negative Indicators, denoting the relationship between the selected indicators
and the level of URI. For instance, a higher GDP per capita indicates a better level of URI,
while a reduced disparity in the per capita disposable income between urban and rural
areas signifies a higher level of URI. The rationale behind this is as follows:

Considering the differences in the units and dimensions of each index, it is necessary
to convert the original data into the standardized processing of the measured values of
dimensionless indicators so as to carry out comprehensive evaluation and analysis. The data
are standardized to a range of ranges, and the range of values for each indicator is converted
to between zero and one, as shown in Equations (6)-(10). The Positive Indicator is directly
proportional to the level of UR], i.e., the higher the value, the better, while the Negative
Indicator is inversely proportional to the level of URI, that is, the lower the value, the better.

Positive Indicator: X' = (Xij = Xmin)/Xmax — Xmin (6)

Negative Indicator: x';; = (Xmax — Xij)/ (Xmax — Xmin) (7)

Considering the need to avoid human factors interfering with the data, this paper
chooses to use the entropy method to reduce the subjectivity given by the external envi-
ronment. Here is how:

Calculate the weight of the ith subject indicator value under the jth indicator:

by = X’ij/ Xitq X’ij (8)
Calculate the entropy of the jth evaluation index:
e = —1/Inm X1, p;;Inp; 9)

Calculate the weight of the evaluation index j:
wp = (1-e)/ L1 —ey) (10)

The use of the Entropy method to measure URI can help government departments
and decision-makers to understand the level of URI more comprehensively and objec-
tively and help formulate targeted policies and measures to promote URI in a more sus-
tainable and balanced direction.
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Table 1. Indicators and weights of URIL

Pri Indica- In- Indi
rimary Indica Secor‘ldary n Tertiary Indicators ndicator Weight
tor dicator Type
Ratio of per capita disposable income between urban to ru-
- 0.015
Urban-rural ral areas ()
cconomic inte Engel coefficient (%) - 0.005
. Ratio of the added value of the secondary and tertiary in-
gration . . . + 0.274
dustries to the added value of the primary industry (%)
GDP per capita (RMB/person) + 0.049
Urban—rural so Number of institutional beds in hospitals (units) + 0.048
cial inteeration Public library collection (10,000 volumes) + 0.059
. & Number of mobile phone subscribers (10,000 households) + 0.051
Urban-rural in- .
. Urban-rural Green coverage rate of built-up area (%) + 0.003
tegration devel- . . o
opment (URI) ecological envi- Sewage treatment rate (%) + 0.002
P ronment inte- Forest cover (%) + 0.044
gration Park green space per capita (sq m) + 0.013
Mobile phone subscribers (10,000 households) + 0.051
Urban-rural ) . . .
spatial inteera Private car ownership per capita (units/person) + 0.081
patia’ mteg Proportion of built-up area (%) + 0.165
tion . . .
Transportation network density (mileage/total area) + 0.043
Urban-rural Urbanization rate (%) + 0.012
population inte-Proportion of employees in the primary sector (%) - 0.017
gration  Ratio of urban to rural population (%) + 0.069

3.2.2. Explanatory Variable

Building upon the National Development and Reform Commission’s elucidation of
the concept of NI, this paper categorizes the evaluation index system for NI into three
categories: information-based infrastructure, integrated infrastructure, and innovative in-
frastructure. Drawing upon the extant literature [33,35,37], 17 indicators are selected to
construct the index system for China’s new infrastructure development level, as detailed
in Table 2. The data undergo the same normalization process as previously described, with
the Entropy method utilized to determine the index weights. The comprehensive score is
then derived through linear weighting.

Table 2. Indicators and weights of the NL

Primary Secondary Tertiary Indica- . Indicator .
I Weigh
Indicator Indicator tors Quaternary Indicators Type eight
Internet infra- IPv4 address d.en51ty (pcs/p_erson) + 0.125
Internet domain name density (per person) + 0.092
structure .
. Internet broadband access port density (pcs/person) + 0.018
Information — . . . .
. Communications Fiber optic cable line density (km/km?) + 0.084
infrastruc- . . . .
. infrastructure Mobile phone base station density (pcs/km?) + 0.100
New infra- ture )
Number of computers used per 100 people (units) + 0.023
structure New technology . . .
. Proportion of enterprises with e-commerce transac-
develop- infrastructure . . + 0.015
ment (NI) tion activities (%)
Intelligent trans- Railway operating mileage density (km/10,000 km?) + 0.046
Converged portation infra- Mileage density of high-speed highways (km/10,000 N 0.064
infrastruc-  structure km?) '
ture Smart weather in- Automatic weather station density (units/10,000 . 0.042

frastructure

km?)
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Innovative
infrastruc-
ture

Proportion of cable radio and television subscribers

0.027
Smart home infra- to total households (%)
structure Proportion of digital TV subscribers to total house-
0.025
holds (%)
E-commerce in- Number of companies with R&D activities (units) 0.121
frastructure Number of enterprises with R&D institutions (units) 0.105
Scientific and ed- l?ens1ty of R&D institutions (per million popula- 0.048
ucational infra- ion)
Density of regular institutions of higher learning
structure T o 0.016
(institutions) (per million students)
Innovation infra-
structure for high-Density of high-tech enterprises (per million people) 0.050

tech industries

3.2.3. Mediating Variables and Threshold Variables

Upgrading of industrial structure (UIS) refers to the process or trend of the transfor-
mation of industrial structure from low level to high level, which is the change of eco-
nomic construction situation and the transformation of economic development mode.
With information technology and intelligent manufacturing, modern agriculture, manu-
facturing and service industries are integrated and developed in the industrial chain. In
this paper, advanced industrial structure (AIS) is selected as the proxy variable for UIS
and as the mediating variable and threshold variable. Drawing upon the specific charac-
teristics of AIS, this paper utilizes the UIS index to quantify the evolution of China’s in-
dustrial structure. The index is measured by examining the proportion of the three pri-
mary industry types within the total output value.

— Yuit Yait Ysit
AlS;, = Yie X1+ Yie X2+ Yie X3 (11)
Among them, Y;; represents the regional GDP of province i in year t, and %, %
it Yit

% represent the ratio of the added value of the primary, secondary, and tertiary
it

industries to the regional GDP of province i in year t, respectively.

Rationalization of industrial structure (RIS) refers to maintaining an appropriate pro-
portion and organic connection between industries and achieving a virtuous cycle under
certain production technology conditions. In this paper, the RIS is selected as the thresh-
old variable. The Theil index is employed to assess the level of rationalization in the in-
dustrial structure across various provinces. It effectively measures the structural discrep-
ancies between output values and employment figures across various industries, as well
as the varying economic statuses within each industry.

and

TLi = X InGE /19 + P x In@ /15 + 2 x I/ 1 (12)
Among them, TL is Theil index, Y is the same as Equation (11), which indicates the
number of people employed in province i in year t, and Ly, Ly, and Laj represent the
number of people employed in the primary, secondary, and tertiary industries in province
iin period t, respectively. When the calculated Theil index is equal to 0, it means that the
economy is in equilibrium, that is, the development of various industries is relatively bal-
anced; conversely, it indicates that over- or under-development of certain industries has
led to economic imbalances.

3.2.4. Control Variables

To prevent the distortion of regression outcomes by other variables, the study intro-
duced four control variables. The first control variable is the economic development level



Buildings 2024, 14, 3978

10 of 22

(Ingdp), gauged by the regional GDP per capita. The second is the level of external open-
ness (Ope), assessed by the ratio of the total value of imports and exports to the GDP; the
third is the degree of population density (InDop). To a certain extent, population density
has improved the negative impact of social population aging, improved the quality struc-
ture of labor force, upgraded consumption and supply, and promoted the quality of eco-
nomic development, which is measured by the logarithm of the population per square
kilometer. Fourth, the intensity of investment in innovation (lii) can promote social pro-
duction, improve economic efficiency, and narrow regional gaps, which is measured by
the intensity of R&D investment.

3.3. Data Sources and Descriptive Statistics

The sample data utilized in this study comprise panel data from 31 provinces, mu-
nicipalities, and autonomous regions across the Chinese mainland for the period from
2013 to 2022 (excluding data from Hong Kong, Macao, and Taiwan due to unavailability),
including Beijing, Tianjin, Hebei Province, Shanxi Province, Inner Mongolia Autonomous
Region, Liaoning Province, Jilin Province, Heilongjiang Province, Shanghai, Jiangsu Prov-
ince, Zhejiang Province, Anhui Province, Fujian Province, Jiangxi Province, Shandong
Province, Henan Province, Hubei Province, Hunan Province, Guangdong Province,
Guangxi Zhuang Autonomous Region, Hainan Province, Chongqing, Sichuan Province,
Guizhou Province, Yunnan Province, Tibet Autonomous Region, Shaanxi Province,
Gansu Province, Qinghai Province, Ningxia Hui Autonomous Region, and Xinjiang Uy-
ghur Autonomous Region. The data were primarily sourced from the China Statistical
Yearbook (2014-2023), the China Urban and Rural Statistical Yearbook (2014-2023), the
China Science and Technology Statistical Yearbook (2014-2023), the provincial (autono-
mous region and municipal) statistical yearbooks (2014-2023), and the EPS data platform
at https://www.epsnet.com.cn/index.html#/Index. Any missing data points were ad-
dressed through mean imputation and regression imputation. The descriptive statistics
for each variable are provided in Table 3.

Table 3. Descriptive statistics.

Variable Obs Mean Std Min Max
URI 310 0.185 0.105 0.025 0.639
Urei 310 0.040 0.050 0.005 0.328

Ursoi 310 0.042 0.028 0.000 0.138
Ureei 310 0.030 0.013 0.007 0.056
Urspi 310 0.043 0.031 0.002 0.210
Urpi 310 0.029 0.018 0.005 0.097
NI 310 0.096 0.081 0.022 0.444
Ingdp 310 9.892 0.976 6.704 11.769
Ope 310 0.321 0.978 0.001 16.372
InDop 310 7.907 0.391 6.965 8.620
Lii 310 1.792 1.180 0.190 6.830
AlS 310 2.400 0.122 2.177 2.836
TL 310 0.174 0.129 0.001 0.700

4. Results

4.1. Baseline Regression Results
4.1.1. Double Fixed-Effect Regression

Table 4 reports the results of regression Equation (1). To examine the issue of multi-
collinearity in the model, we calculated the correlation coefficients for the explanatory
variables and found that most correlations were less than 0.3, with only the correlation
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coefficient between URI and the lii reaching 0.8. Furthermore, we investigated the Vari-
ance Inflation Factor (VIF) and found that all values were less than 5, indicating that mul-
ticollinearity is not a serious issue.

Columns (1) and (2) report the regression results with and without control variables,
respectively. The results indicate that NI has a significant positive impact on URL For
panel data models, the Hausman test results reject the random-effects model at the 1%
significance level, indicating that there is a correlation between the explanatory variables
and the unobserved individual effects. Therefore, using a fixed-effects model is more ap-
propriate for our data analysis. To eliminate individual heterogeneity across provinces,
we establish a two-way fixed-effects model (5). For comparison, the table presents the
fixed-effects models (3) and (4) estimated with within-group deviations. The estimated
coefficient for NI is positive and passes the 1% significance test, indicating that NI can
significantly promote URI. This provides preliminary evidence to support Hypothesis 1.
As a panel regression method, such results do not rule out the possibility of autocorrela-
tion between groups in the data. Consequently, it is imperative to check for autocorrela-
tion in the outcomes of the fixed-effects model previously discussed. For this purpose, the
Wooldridge test is employed to detect any autocorrelation problems. The Wooldridge test
results in a P-value of 0.203, which allows us to fail to reject the null hypothesis, suggesting
that within-group autocorrelation is not present.

Table 4. Overall regression results.

1) (2) (3) @) (5)
NI 1.098 *** 0.718 *** 0.900 *** 0.888 *** 0.924 ***
(0.066) (0.122) (0.249) (0.228) (0.254)
Ingdp 0.026 *** 0.043 *** 0.043 *** 0.045 ***
(0.003) (0.006) (0.007) (0.007)
Ope -0.004 -0.002 -0.002 -0.002
(0.003) (0.002) (0.002) (0.002)
InDop 0.020 ** -0.006 -0.010 -0.010
(0.009) (0.009) (0.009) (0.010)
Tii 0.023 *** -0.003 -0.017 -0.016
(0.006) (0.011) (0.018) (0.015)
_cons 0.080 *** —0.334 *** —-0.257 *** -0.145 -0.228 **
(0.005) (0.054) (0.083) (0.117) (0.107)
Province NO NO NO YES YES
Year NO NO YES NO YES
N 310 310 310 310 310
R2 0.713 0.813 0.773 0.749 0.723

Robust standard errors in parentheses. ** p <0.05, *** p < 0.01.

4.1.2. Dimensional Regression

The influence of NI on URI across economic, social, ecological, spatial, and popula-
tion dimensions is further scrutinized, with the results tabulated in Table 5(1)—(5). The
analysis reveals that the impact of NI on urban-rural ecological integration and urban-
rural population integration is positive, indicating that NI aids in narrowing the dispari-
ties between urban and rural areas across various dimensions, thus fostering a more bal-
anced development, as corroborated by Hypothesis 2. However, the effects of NI on ur-
ban-rural economic integration and urban-rural spatial integration surpassed the 1% sig-
nificance threshold, with impact coefficients of 0.681 and 0.207, respectively. These coeffi-
cients were larger than those observed for urban-rural social integration, urban—rural eco-
logical integration, and urban-rural population integration. This suggests that NI effec-
tively enhances economic interactions and spatial optimizations between urban and rural
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areas, strengthens the economic ties between urban and rural regions, blurs the geograph-
ical divide between them, and facilitates the sharing of resources and services. In the Urei,
NI enhances production efficiency and innovation capabilities through investment-
driven, technology diffusion, and market expansion effects. In the Urspi, it strengthens
urban-rural physical connections, optimizes spatial layouts, and guides the rational dis-
tribution of population and economic activities by improving infrastructure connectivity.
While NI positively influences social, ecological, and population integration, it may re-
quire complementary measures such as the equitable distribution of educational and
healthcare resources and the enforcement of environmental protection policies due to fac-
tors like social security, ecological restoration cycles, and household registration policies.

Table 5. Dimensional regression results.

(1) (2) (3) 4) (5)
NI 0.681 *** 0.021 0.005 0.207 ** 0.011
(0.188) (0.030) (0.004) (0.092) (0.009)
Ingdp 0.008 *** 0.017 *** 0.001 0.018 *** 0.001 **
(0.003) (0.003) (0.000) (0.004) (0.000)
Ope -0.004 *** -0.001 -0.000 0.004 *** 0.000
(0.001) (0.001) (0.000) (0.001) (0.000)
InDop -0.006 -0.003 -0.000 -0.002 0.002 *
(0.007) (0.003) (0.001) (0.004) (0.001)
Lii -0.006 0.001 0.001 -0.012* 0.000
(0.013) (0.003) (0.001) (0.006) (0.001)
_cons -0.022 —-0.135 *** 0.023 *** -0.087 0.052 ***
(0.096) (0.034) (0.006) (0.054) (0.009)
Province YES YES YES YES YES
Year YES YES YES YES YES
N 310 310 310 310 310
R2 0.574 0.763 0.687 0.568 0.818

Robust standard in parentheses. * p <0.1, ** p < 0.05, *** p < 0.01.

4.2. Endogeneity and Robustness Checks
4.2.1. Endogeneity Test

The p-value of Hausman’s test was 0.007, indicating that the benchmark regression
model had endogeneity problems. To address this potential bias, instrumental variable
(IV) methods were employed to ensure that the estimates are free from omitted variable
biases or bi-directional causality. Therefore, drawing on the setting method of Nunn and
Qian (2014) [70], the number of post offices per million people in 1984 was chosen as a tool
variable for NI. This choice is based on the notion that the development of NI is inter-
twined with the evolution of traditional communication technology. As a key component
of traditional communication, the post office can provide insights into a region’s commu-
nication capacity and information dissemination efficiency, thereby reflecting the level of
information transmission infrastructure in the past. Consequently, it may correlate with
the current state of communication infrastructure construction, such as 5G base stations
and broadband networks. Moreover, the continuity between the early postal system and
modern communications infrastructure might have influenced the latter’s development.
For instance, the location and number of early post offices might have influenced the
placement of later telecommunications base stations. The study’s balanced panel data ne-
cessitated the selection of time-series data that could be interacted with the cross-sectional
data to suit the panel data structure. In practice, the interaction term of the number of post
offices per million people in 1984 (cross-sectional data) and the national information tech-
nology service income (time-series data) from the previous year was constructed as the IV
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for NI Subsequently, a two-stage least squares (2SLS) regression was conducted. The re-
sults, presented in column (1) of Table 6, indicate that the instrumental variable’s regres-
sion coefficient is positive and statistically significant at the 1% level, reinforcing the no-
tion that NI is positively associated with URI and that the benchmark results are relatively
stable. The selected instrumental variables passed the weak instrument test (F-statistic
13.031) and the under-identification test (Anderson LM statistic 12.666), which rejects the
weak instrument and the unidentifiable hypotheses, respectively. This suggests that the
instrumental variable selection is reasonable and effective. Consequently, the instrumen-
tal variable regression results also corroborate the robustness of the impact of NI on URI.

Table 6. Endogeneity and robustness test.

(1) (2) (3)
NI 0.986 ** 0.885 *** 0.913 ***
(0.492) (0.278) (0.232)
Ingdp 0.0445 *** 0.046 *** 0.063 ***
(0.00423) (0.006) (0.009)
Ope -0.00199 -0.002 0.060 *
(0.00384) (0.002) (0.030)
InDop -0.0107 -0.008 -0.013
(0.00907) (0.009) (0.009)
Lii -0.0186 -0.035* -0.016
(0.0200) (0.017) (0.014)
_cons -0.220 ** -0.240 ** -0.398 ***
(0.0897) (0.090) (0.105)
Province YES YES YES
Year YES YES YES
N 310 270 310
R2 0.516 0.864 0.760

Robust standard errors in parentheses. * p <0.1, ** p < 0.05, *** p < 0.01.

4.2.2. Exclusion of Municipalities

Considering the unique economic development level and urban-rural administrative
system of the four municipalities directly governed by the central government—Beijing,
Tianjin, Shanghai, and Chongqing —which set them apart from other provinces and make
them susceptible to being identified as outliers, the data from these municipalities was
excluded from the overall sample. This exclusion was made to prevent the regression re-
sults from being distorted by the special characteristics of these regions. Subsequently, the
regression model was re-estimated, and the findings are presented in column (2) of Table
6. The results once again confirm the stability of the previous conclusions. After removing
the sample data from the municipalities directly under the central government, the coef-
ficient value for NI remains significantly positive. However, it is notably lower than that
observed in the benchmark regression. This suggests a substantial disparity in the level of
NI between these municipalities and the rest of the provinces, underscoring the need to
address the issue of a “digital divide” to prevent a further widening of the urban—rural
development gap between different regions.

4.2.3. Tail Reduction

To mitigate the potential impact of extreme values on the research outcomes, the rel-
evant data for the variables employed in the study were subjected to a 1% tail trimming
process. This involved removing the top 1% and bottom 1% of the data distribution for
each variable. Subsequently, the regression analysis was re-conducted, and the results are
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presented in column (3) of Table 6. The analysis reveals that there is no substantial dis-
crepancy between the sign and statistical significance of the regression coefficient for NI
in the trimmed sample and the benchmark regression results. This indicates that the
benchmark regression findings are robust and reliable.

4.3. Heterogeneity Analysis
4.3.1. Regional Heterogeneity

Given the extensive geographical expanse of China, there are pronounced disparities
in the foundational development of the digital economy, digital expertise, and capital in-
vestment across various regions. Consequently, the influence of development on URI may
exhibit variability across these regions. To elucidate this heterogeneity, the study’s com-
prehensive dataset was stratified into four administrative divisions according to the clas-
sification system employed by the National Bureau of Statistics: the eastern, central, west-
ern, and northeastern regions. Subsequently, the differential impact of NI on URI within
these distinct regional contexts was examined, with the corresponding regression out-
comes detailed in Table 7(1)—(4). The regression analysis revealed that the coefficients for
NI on URI in the western and northeastern regions are 1.246 and 1.157, respectively, both
of which are statistically significant at the 1% level, indicating a robust positive correla-
tion. In the eastern region, the coefficient is 0.515, also positive and statistically significant
at the 10% level. Conversely, the central region exhibited a negative coefficient for NI on
URI, which did not reach statistical significance. This discrepancy may be attributed to the
varying levels of existing infrastructure within the regions. The western and northeastern
regions, with comparatively underdeveloped infrastructure, may experience a more pro-
nounced marginal effect from NI. The eastern region, on the other hand, boasts a relatively
mature infrastructure base, which may diminish the marginal benefits of new infrastruc-
ture investments. Furthermore, the eastern region’s pre-eminence in information technol-
ogy services implies that the incremental impact of NI may be relatively limited. Addi-
tionally, the high degree of marketization and intense competition in the eastern region
may pose significant challenges for new entrants in the infrastructure sector, such as high
land and labor costs, which could mitigate the economic returns of these investments. In
the central region, the uneven development among the provinces suggests that while
some provinces may have established a certain foundation in certain areas, others may be
less developed. This imbalance could lead to divergent effects of NI within the region,
resulting in an overall ambiguous impact on URL

Table 7. Heterogeneity analysis.

1) (2) 3) 4) (5) (6)
NI 0.515 * -0.074 1.246 1.157 ** 1.155 0.648 **
(0.300) (0.432) (0.036) (0.125) (0.098) (0.322)
_cons 0.105 -0.438 ** 0.000 ~0.530 *** ~0.413 ** 0.270
(0.524) (0.194) () (0.130) (0.089) (0.208)
Province YES YES YES YES YES YES
Year YES YES YES YES YES YES
N 100 60 120 30 182 128

Robust standard errors in parentheses. * p <0.1, ** p <0.05, ** p < 0.01.

4.3.2. Heterogeneity of Investment in Scientific and Technological Innovation

To assess the heterogeneity of the impact of NI on URI across provinces with varying
levels of technological innovation investment, this study employed the median research
and development (R&D) investment intensity as an indicator of regional technological in-
novation investment. The median R&D investment intensity was set at 1.79, with prov-
inces exhibiting an R&D investment intensity below this threshold categorized as having
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low technological innovation investment and those above the threshold categorized as
having high technological innovation investment. The regression results are presented in
Table 7(5) and (6), respectively. The findings indicate that the regression coefficients for
NI on URI are statistically significant at the 1% level in both low and high technological
innovation investment groups, further corroborating Hypothesis 1. Additionally, in the
context of new infrastructure construction, the regression coefficient for URI is higher in
provinces with low technological innovation investment compared to those with high
technological innovation investment. This phenomenon can be attributed to several fac-
tors. Firstly, in provinces with low technological innovation investment, NI can more ef-
fectively address deficiencies in existing technology and infrastructure, thereby yielding
higher marginal benefits. Secondly, these provinces may be in the nascent stages of devel-
opment, and NI can expedite technological progress and industrial upgrading, fostering
a catch-up effect and accelerating the convergence with the development levels of more
advanced provinces. Thirdly, in provinces with low technological innovation investment,
NI can more effectively complement existing infrastructure, leading to greater synergies.
In summary, the impact of NI on URI is heterogeneous across different regional distribu-
tions and provinces, validating Hypothesis 3.

4.4. Mechanism Analysis
4.4.1. Mediation Analysis

To ascertain the existence of this transmission mechanism, the study delves into the
mechanisms through which NI influences URI, as encapsulated in Equations (3) and (4).
The regression outcomes are presented in Table 8. In column (1) of Table 8, the regression
coefficient for NI is statistically significant and positive, suggesting that its total effect on
URLl is positive. Column (2) reveals a significant positive coefficient for NI, indicating that
NI can enhance the level of UIS. The coefficients for NI and the UIS index in column (3)
are also significantly positive. However, the regression coefficient in column (3) is lower
than that in column (1), indicating that UIS serves as a partial mediating variable between
NI and URI. The mediating effect is quantified at 0.302, accounting for 42.02% of the total
effect. The confidence intervals for the mediating effect are (0.194, 0.424) and the p-value
is less than 0.01, indicating that the UIS effectively explains the relationship between NI
and URI. This finding suggests that NI has a substantial positive impact on URI by pro-
moting UIS, thereby validating Hypothesis 4.

Table 8. Mediation analysis.

OLS Mediation
URI AIS URI
1) ) (3)
NI 0.924 *** 0.643 * 0.700 ***
(0.254) (0.347) (0.131)
Ingdp 0.045 *** 0.022 * 0.037 ***
(0.007) (0.013) (0.004)
Ope -0.002 -0.008 ** 0.001
(0.002) (0.004) (0.001)
InDop -0.010 -0.029 0.000
(0.010) (0.026) (0.006)
Lii -0.016 -0.037 -0.004
(0.015) (0.026) (0.010)
AlS 0.348 ***
(0.082)
_cons -0.228 ** 2.346 *** —1.045 ***

(0.107) (0.252) (0.197)
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Province
Year
N
RZ

Sobel

YES YES YES
YES YES YES
310 310 310
0.723 0.608 0.837
0.302 ***

Mediator Effect/Total Effect =42.02%

Robust standard errors in parentheses. * p <0.1, ** p <0.05, ** p < 0.01.

4.4.2. Threshold Effect

Before estimating the threshold model, a panel threshold existence test was con-
ducted based on Hansen’s (1999) method [71]. After 300 bootstrap resamples, the results
indicated that the RIS threshold variable significantly passed the single threshold test but
failed the double and triple threshold tests, while the UIS passed the double threshold
test. Subsequently, regression models with the corresponding number of thresholds were
set, yielding the results presented in Table 9. Column (1) of Table 9 illustrates the regres-
sion results when UIS is utilized as a threshold variable. Below the threshold value of
2.552, the impact coefficient for NI on URI is 0.313. As the threshold value falls between
2.552 and 2.739, the impact coefficient increases to 1.134, achieving significance at the 1%
level. Above the threshold value of 2.739, the impact coefficient decreases to 0.764. This
pattern suggests that at lower levels of UIS, the potential of NI is not fully realized, and
its promotion of URI is limited. In the intermediate stage of UIS, the industrial structure
reaches a level that is more supportive of NI, thereby enhancing the effectiveness of URL
Beyond this threshold, the marginal benefits of NI diminish, possibly due to the already
advanced nature of the industrial structure, where further infrastructure enhancements
contribute less to URIL. Column (2) of Table 9 demonstrates the regression results when
RIS is employed as a threshold variable. Below the threshold value of 0.457, the regression
coefficient for NI on URI is 0.663. Above the threshold value of 0.457, the coefficient in-
creases to 1.155. This indicates that in regions with an irrational industrial structure, while
NI can still contribute to URI, its effect is comparatively muted. In areas with a more ra-
tional industrial structure, the impact of NI on URI is more pronounced. A rational indus-
trial structure signifies a very complementary relationship among industries, thereby fa-
cilitating the integration of urban and rural economies and societies. In summary, as UIS
and RIS surpass their respective thresholds, the role of NI in fostering URI becomes in-
creasingly pronounced, substantiating Hypothesis 5.

Table 9. Regression results of panel threshold models.

AIS TL
(1) (2)
Threshold estimator g: ;;g; 0457
NIxI(Adj;, < 6,) 0.313 ** 0.663 ***
(0.118) (0.181)
NIxI(6, < Thv; < 6,) 1.134 %+ 1.155 ***
(0.106) (0.069)
NIx[(Thv;, > 65) 0.764 ***
(0.046)
Ingdp 0.046 *** 0.044 ***
(0.005) (0.006)
Ope 0.002 0.000
(0.001) (0.002)
InDop -0.018 ** -0.013

(0.008) (0.009)
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Lii

_cons

R2

0.025 *** -0.002
(0.009) (0.015)
~0.223 *** ~0.207 **
(0.078) (0.096)
310 310
0.892 0.786

Robust standard errors in parentheses. ** p < 0.05, *** p < 0.01.

5. Conclusions and Recommendations
5.1. Conclusions

This study examines the impact of China’s NI on URI using panel data from 31 pro-
vincial-level administrative regions (2013-2022), employing double fixed-effects, mediat-
ing effects, and threshold regression methods. The findings demonstrate that NI has sig-
nificantly advanced URI. The research validity is confirmed through empirical analyses
across five dimensions of integration—economic, social, ecological, spatial, and demo-
graphic—utilizing individual time fixed-effects and various robustness tests, including
endogenous instrumental variables, outlier elimination, and tail truncation. The results
indicate that NI positively influences URI, with pronounced effects on economic and spa-
tial integration compared to social, ecological, and demographic dimensions. These find-
ings highlight the potential of infrastructure construction that is based on new technolo-
gies—such as information technology, network technology, and intelligent technology —
in bridging the urban—rural gap. This construction provides support for the connection,
flow of information, and movement of people between urban and rural areas, which is
crucial for the sustainable and equitable management of resources.

The impact exhibits regional heterogeneity based on geographical distribution and
scientific-technological investment levels. Eastern, western, and northeastern regions
show more substantial effects, highlighting the significance of geographical location and
innovation capacity in leveraging NI benefits. These regions demonstrate considerable
potential for industrial transformation, while the central region shows varying effects due
to uneven provincial development levels.

Mechanism analysis reveals that NI promotes URI through industrial structure ad-
vancement. The impact intensifies significantly as UIS and RIS from low to high levels.
Beyond certain thresholds, while the effect moderates, it remains above initial levels.

These findings not only clarify the intrinsic mechanisms by which NI influences URI,
providing a new explanatory framework and analytical perspective for URI theory, but
also discuss how to improve the livability and sustainability of urban and rural areas
within the NI framework that integrates information technology, network technology,
and smart technology. Additionally, they offer valuable insights for nations pursuing URI
in the face of urbanization and digitalization challenges. More importantly, understand-
ing the mechanisms of impact and regional differences is of significant importance to pol-
icymakers and practitioners who are interested in leveraging smart technologies and new
infrastructure to promote more balanced and sustainable urban-rural development and
to offer potential contributions to the existing practices of smart technology integration
and regional integration.

However, several limitations warrant acknowledgment. First, while examining the
overall impact and five dimensions of integration, the study does not separately analyze
the three components of NI: information, convergence, and innovation infrastructure. Sec-
ond, the mechanism analysis focuses primarily on industrial structure dynamics, poten-
tially overlooking other influential factors such as infrastructure interconnectivity, re-
gional digital development, and public service equalization. Third, the provincial-level
data may not fully capture urban—rural disparities and inter-provincial variations in NI.
The relatively recent emergence of NI concepts also limits time-series data availability.
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Future research directions include the following: (1) refined dimensional analysis ex-
ploring the impact of NI's three components on five integration dimensions; (2) expanded
mechanism research investigating policy support, capital investment, factor allocation,
synergy, and distribution perspectives; (3) advanced methodological approaches combin-
ing county-level quantitative analysis with case studies and integrating theoretical mod-
eling with computer simulation techniques for deeper insights into NI's impact on URL

5.2. Policy Recommendations

URI serves as a fundamental mechanism for transcending the urban—rural divide. NI,
centered on information technology, has emerged as a crucial catalyst for enhancing agri-
cultural productivity, increasing farmers’ incomes, and advancing agricultural sector
modernization. Furthermore, it strengthens rural infrastructure, facilitating URI and con-
tributing to high-quality economic development. Drawing on our research outcomes, we
put forth a set of strategic policy recommendations.

The first consideration involves the rational optimization of new infrastructure in-
vestment. Given that NI significantly contributes to URI, particularly in economic and
spatial integration, it is imperative to advance new urbanization strategies with counties
as primary nodes. This involves prioritizing infrastructure investments at the county level,
particularly in transportation and information technology networks. Attention should be
directed towards building effective transport channels, such as intercity expressways, fi-
ber optic networks, and 5G facilities, to reduce the time and geographical divides between
urban and rural communities. Modify the investment composition of NI to align with re-
gional characteristics. In the eastern coastal zones, prioritize investment in sophisticated
manufacturing and IT industries to stimulate industrial progress and technological break-
throughs. For the central and western territories, prioritize the enhancement of the trans-
portation grid, incorporating the development of highways and railways, to bolster eco-
nomic linkages and demographic movement across regions. In the northeastern territo-
ries, escalate funding in new energy and eco-friendly sectors to aid in economic transfor-
mation and to ensure sustainable development.

The second strategic direction focuses on promoting the deep integration of NI with
industrial structure adjustment. Our research indicates that NI facilitates URI through
UIS, with effectiveness significantly influenced by regional industrial structure advance-
ment and rationalization. Policymakers should tailor NI to specific regional industrial
characteristics, maintaining real-time monitoring of UIS to optimize infrastructure invest-
ment allocation. This is particularly relevant for the central region, where industrial struc-
tures vary significantly across provinces, necessitating differentiated development strate-
gies and adaptive policy adjustments aligned with evolving developmental needs. Addi-
tionally, inspired by the successful integration of industrial parks and transportation net-
works in Suzhou Industrial Park and the thriving Yiwu International Trade City in
Zhejiang, we should strategically position industrial parks, logistics hubs, and R&D cen-
ters to attract businesses and cultivate industrial clusters. This strategy will foster the har-
monized growth of the agricultural, manufacturing, and service sectors in rural regions.

The third strategic focus involves the adaptive layout of new infrastructure construc-
tion based on local conditions. Given the regional variations in impact and innovation
investment levels, different approaches are necessary for different regions. In the western
and northeastern regions, it is vital to persist in scaling up investments in new infrastruc-
ture, maximizing the incremental advantages it offers, swiftly bridging infrastructure def-
icits, and advancing equitable URI and regional economic progress. While the incremental
returns of new infrastructure on URI in the eastern region are comparatively less, it re-
mains important to refine the existing infrastructure, improve service levels, and investi-
gate innovative models that incorporate market dynamics to combat intense market ri-
valry and elevated operational expenses. For the central region, considering its internal
development variations, it is critical to enhance provincial-level planning and devise tar-
geted strategies for individual provinces to guarantee that new infrastructure effectively
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promotes URI. For provinces with low innovation investment, increased support for new
infrastructure construction is crucial to bridge technological gaps and accelerate industrial
upgrading, fostering catch-up development with more advanced regions. These differen-
tiated strategies aim to maximize the effectiveness of NI in promoting high-quality URL

Author Contributions: Conceptualization, Y.L. (Yaolong Li) and F.Z.; methodology, X.M.; valida-
tion, Y.L. (Yaolong Li) and F.Z.; formal analysis, X.M.; resources, X.M. and Y.L. (Yang Liu); data
curation, X.M. and Y.L. (Yang Liu); writing—original draft preparation, Y.L. (Yaolong Li) and X.M.;
writing —review and editing, F.Z.; supervision, F.Z.; project administration, F.Z. All authors have
read and agreed to the published version of the manuscript.

Funding: This research was supported by the Open Research Program of the International Research
Center of Big Data for Sustainable Development Goals (Grant No. CBAS20230RP04); the Key La-
boratory of Ecology and Environment in Minority Areas (Minzu University of China), National Eth-
nic Affairs Commission (Grant No. KLEEMA202306); the Fundamental Research Funds for the Cen-
tral Universities (Grant No. 2024JCY]J11); and the Graduate Research and Practice Projects of Minzu
University of China (Grant No. BZKY2024045).

Data Availability Statement: Publicly available datasets were analyzed in this study. The research
data sources include the “China Statistical Yearbook”, “China Urban and Rural Statistical Yearbook”,
and EPS data platform.

Conflicts of Interest: Author Yang Liu was employed by the company China Three Gorges Corpo-
ration. The remaining authors declare that the research was conducted in the absence of any com-
mercial or financial relationships that could be construed as potential conflicts of interest.

References

1.

10.

11.

12.

13.

14.

Felbermayr, G.; Tarasov, A. Trade and the spatial distribution of transport infrastructure. J. Urban Econ. 2022, 130, 103473.
https://doi.org/10.1016/j.jue.2022.103473.

Chanieabate, M.; He, H.; Guo, C.; Abrahamgeremew, B.; Huang, Y. Examining the Relationship between Transportation Infra-
structure, Urbanization Level and Rural-Urban Income Gap in China. Sustainability 2023, 15, 8410.
https://doi.org/10.3390/su15108410.

Kumar, T. The Impact of Regional Infrastructure Investment in India. Reg. Stud. 2002, 36, 194-200.
https://doi.org/10.1080/00343400120114771.

Xu, Y.; Zhu, S. Transport Infrastructure, Intra-Regional Inequality and Urban-Rural Divide: Evidence From China’s High-Speed
Rail Construction. Int. Reg. Sci. Rev. 2024, 47, 378-406. https://doi.org/10.1177/01600176231177672.

Wan, |; Xie, Q.; Fan, X. The impact of transportation and information infrastructure on urban productivity: Evidence from 256
cities in China. Struct. Change Econ. Dyn. 2024, 68, 384-392. https://doi.org/10.1016/j.strueco.2023.11.008.

Gu, T.; Zhang, P.; Zhang, X. Spatio-temporal Evolution Characteristics and Driving Mechanism of the New Infrastructure Con-
struction Development Potential in China. Chin. Geogr. Sci. 2021, 31, 646—658. https://doi.org/10.1007/s11769-021-1214-8.

Philip, L.; Cottrill, C.; Farrington, J.; Williams, F.; Ashmore, F. The digital divide: Patterns, policy and scenarios for connecting
the ‘final few’ in rural communities across Great Britain. J. Rural Stud. 2017, 54, 386-398.
https://doi.org/10.1016/j.jrurstud.2016.12.002.

Office, N.II. National Internet Information Office Releases Digital China Development Report. 2022. Available online:
https://www.cac.gov.cn/2023-05/22/c_1686402318492248.htm (accessed on 23 May 2023).

Yang, Y.; Bao, W.; Wang, Y.; Liu, Y. Measurement of urban-rural integration level and its spatial differentiation in China in the
new century. Habitat Int. 2021, 117, 102420. https://doi.org/10.1016/j.habitatint.2021.102420.

Chen, Y.; Luo, P.; Chang, T. Urbanization and the Urban-Rural Income Gap in China: A Continuous Wavelet Coherency Anal-
ysis. Sustainability 2020, 12, 8261. https://doi.org/10.3390/su12198261.

Su, K.; Wang, R.; Han, Z.; Chen, J.; Deng, X. Examining the path of urban-rural industry convergence and its impacts on farmers’
income growth: Evidence from Xinjiang Uyghur Autonomous Region, China. Ann. Oper. Res. 2023 (in press).
https://doi.org/10.1007/s10479-023-05762-z.

Wang, M.; Kang, W.; Zhang, R. The Gap between Urban and Rural Development Levels Narrowed. Complexity 2020, 2020,
4615760. https://doi.org/10.1155/2020/4615760.

Han, H.; Yuan, Z.; Zou, K. Does new infrastructure outperform old infrastructure in China’s Agricultural Specialization: An
empirical examination based on “One village One product”. Int. Food Agribus. Manag. Rev. 2023, 26, 922-940.
https://doi.org/10.22434/ifamr2023-0006.

Meng, J.; Zhu, Y.; Han, Y. Can new' infrastructure become an engine of growth for the Chinese economy? J. Chin. Econ. Bus.
Stud. 2023, 21, 341-362. https://doi.org/10.1080/14765284.2022.2036571.



Buildings 2024, 14, 3978 20 of 22

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

Yin, M.; Bertolini, L.; Duan, ]J. The effects of the high-speed railway on urban development: International experience and poten-
tial implications for China. Prog. Plan. 2015, 98, 1-52. https://doi.org/10.1016/j.progress.2013.11.001.

Zhang, S.; Xia, Y.; Wang, H.; Pan, J.; Lv, G. Repel or attract? Effects of urban digital infrastructure on labor migration: Evidence
from urban China. Cities 2024, 154, 105386. https://doi.org/10.1016/j.cities.2024.105386.

Wang, H.; Wang, H.; Guan, R. Digitalization of industries and labor mobility in China. China Econ. Rev. 2024, 87, 102248.
https://doi.org/10.1016/j.chieco.2024.102248.

Du, Z.; Wang, Q. Digital infrastructure and innovation: Digital divide or digital dividend? ]. Innov. Knowl. 2024, 9, 100542.
https://doi.org/10.1016/j.jik.2024.100542.

Tian, Y.; Du, W.; Hua, Y.W.; Fan, L.J. Will infrastructure construction drive Chinese rural families to develop their own enter-
prises? Appl. Econ. Lett. 2022, 29, 1665-1669. https://doi.org/10.1080/13504851.2021.1956677.

Zhang, J.; Li, M. Digital technology access, labor market behavior, and income inequality in rural China. Heliyon 2024, 10, e33528.
https://doi.org/10.1016/j.heliyon.2024.e33528.

De, M.; Roquete, R.; Gawryszewski, G. Who needs cash? Digital finance and income inequality. Q. Rev. Econ. Financ. 2023, 91,
84-93. https://doi.org/10.1016/j.qref.2023.07.005.

Meng, X.; Wang, X.; Nisar, U.; Sun, S.; Ding, X. Mechanisms and heterogeneity in the construction of network infrastructure to
help rural households bridge the “digital divide”. Sci. Rep. 2023, 13, 19283. https://doi.org/10.1038/s41598-023-46650-7.

Lu, H.; Zhao, P.; Hu, H.; Zeng, L.; Wu, K; Lv, D. Transport infrastructure and urban-rural income disparity: A municipal-level
analysis in China. J. Transp. Geogr. 2022, 99, 103292. https://doi.org/10.1016/j.jtrangeo.2022.103292.

Ke, Q.; Lin, J.; Ma, X; Bao, T. Construction Direction and Development Path of Digital Educational Resources in the Era of New
Educational Infrastructure Construction. Front. Educ. China 2022, 17, 510-531. https://doi.org/10.3868/s110-007-022-0022-1.
Song, Y.; Huang, H.; Li, Y.; Xia, J. Towards inclusive green growth in China: Synergistic roles and mechanisms of new infra-
structure construction. J. Environ. Manag. 2024, 353, 120281. https://doi.org/10.1016/j.jenvman.2024.120281.

Shen, J.; Ren, X.; Wu, H.; Feng, Z. The Relationship between the Construction of Transportation Infrastructure and the Devel-
opment of New Urbanization. Isprs Int. ]. Geo-Inf. 2024, 13, 194. https://doi.org/10.3390/ijgi13060194.

Ren, J.; Chen, X.; Gao, T.; Chen, H.; Shi, L.; Shi, M. New Digital Infrastructure’s Impact on Agricultural Eco-Efficiency Improve-
ment: Influence Mechanism and Empirical Test-Evidence from China. Int. J. Environ. Res. Public Health 2023, 20, 3552.
https://doi.org/10.3390/ijerph20043552.

Wu, X,; Zhang, J.; Geng, X.; Wang, T.; Wang, K.; Liu, S. Increasing green infrastructure-based ecological resilience in urban
systems: A perspective from locating ecological and disturbance sources in a resource-based city. Sustain. Cities Soc. 2020, 61,
102354. https://doi.org/10.1016/j.scs.2020.102354.

Lu, S;; Huang, Y.; Wu, X,; Ding, Y. Evaluation, Recognition and Implications of Urban-Rural Integration Development: A Town-
ship-Level Analysis of Hanchuan City in Wuhan Metropolitan Area. Land 2023, 12, 14. https://doi.org/10.3390/1and12010014.
Zhang, P.; Chen, P.; Xiao, F.; Sun, Y.; Ma, S.Y.; Zhao, Z.W. The Impact of Information Infrastructure on Air Pollution: Empirical
Evidence from China. Int. ]. Environ. Res. Public Health 2022, 19, 14351. https://doi.org/10.3390/ijerph192114351.

Zhou, ].; Yang, F. Impact of Chinese-Style Fiscal Decentralization on Urban-Rural Integration: Based on Factor Allocation. Sus-
tainability 2023, 15, 21542. https://doi.org/10.3390/su15021542.

Sun, B.; Fang, C.; Liao, X.; Liu, M,; Liu, Z.; Guo, X. Revealing the heterogeneous effects of new urbanization on urban-rural
inequality = using  geographically = weighted  quantile  regression.  Appl.  Geogr. 2023, 159,  103082.
https://doi.org/10.1016/j.apgeog.2023.103082.

Chang, X.; Li, J.; Zheng, Q. Does new-type infrastructure improve total factor carbon productivity? Experimental evidence from
China. J. Clean. Prod. 2024, 460, 142620. https://doi.org/10.1016/j.jclepro.2024.142620.

Li, Z; Liu, C.; Chen, X. Power of Digital Economy to Drive Urban-Rural Integration: Intrinsic Mechanism and Spatial Effect,
from Perspective of Multidimensional Integration. Int. J. Environ. Res. Public Health 2022, 19, 15459.
https://doi.org/10.3390/ijerph192315459.

Tang, J.; Zhao, X. Does the new digital infrastructure improve total factor productivity? Bull. Econ. Res. 2023, 75, 895-916.
https://doi.org/10.1111/boer.12388.

Wang, S.; Sun, X.; Cong, X.; Gao, Y. Input Efficiency Measurement and Improvement Strategies of New Infrastructure under
High-Quality Development. Systems 2023, 11, 243. https://doi.org/10.3390/systems11050243.

Han, D; Zhu, Y.; Diao, Y.; Liu, M.; Shi, Z.Y. The impact of new digital infrastructure construction on substantive green innova-
tion. Manag. Decis. Econ. 2024, 45, 4072-4083. https://doi.org/10.1002/mde.4236.

Wu, K; Ye, Y,; Wang, X; Liu, Z.; Zhang, H. New infrastructure-lead development and green-technologies: Evidence from the
Pearl River Delta, China. Sustain. Cities Soc. 2023, 99, 104864. https://doi.org/10.1016/j.scs.2023.104864.

Yang, S.; Wang, W.; Liu, X.; Deng, X.; Shen, J.; Cheng, B. Balancing growth and safety: Investigating urban sprawl’s impacts on
security resilience under new infrastructure development. Cities 2024, 147, 104812. https://doi.org/10.1016/j.cities.2024.104812.
Gong, M.; Zeng, Y.; Zhang, F. New infrastructure, optimization of resource allocation and upgrading of industrial structure.
Financ. Res. Lett. 2023, 54, 103754. https://doi.org/10.1016/j.fr1.2023.103754.

Gulson, K; Sellar, S. Emerging data infrastructures and the new topologies of education policy. Environ. Plan. D-Soc. Space 2019,
37, 350-366. https://doi.org/10.1177/0263775818813144.

Han, H.; Hai, C.; Wu, T.; Zhou, N. How does digital infrastructure affect residents’” healthcare expenditures? Evidence from
Chinese microdata. Front. Public Health 2023, 11, 1122718. https://doi.org/10.3389/fpubh.2023.1122718.



Buildings 2024, 14, 3978 21 of 22

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

Ni, Z,; Yang, ].; Razzaq, A. How do natural resources, digitalization, and institutional governance contribute to ecological sus-
tainability through load capacity factors in highly resource-consuming economies? Resour. Policy 2022, 79, 103068.
https://doi.org/10.1016/j.resourpol.2022.103068.

He, Y,; Yijun, X. Influence of trade liberalization and digital trade on material footprint in the BRICS region. Resour. Policy 2024,
88, 104374. https://doi.org/10.1016/j.resourpol.2023.104374.

Luo, J.; Dong, J.; Tan, Z.; Zhang, H.; Zhang, W. Relatedness, digital economy and renewable energy product evolution-based on
product space perspective. Energy Policy 2024, 186, 113991. https://doi.org/10.1016/j.enpol.2024.113991.

Li, Y.; Xiong, C.; Song, Y. How Do Population Flows Promote Urban-Rural Integration? Addressing Migrants” Farmland Ar-
rangement and Social Integration in China’s Urban Agglomeration Regions. Land 2022, 11, 86.
https://doi.org/10.3390/1land11010086.

Marti, J. Location decisions of heterogeneous European firms. Econ. Bus. Lett. 2020, 9, 265-269.
https://doi.org/10.17811/ebl.9.3.2020.265-269.

Fan, Z.; Long, R.; Shen, Z. Regional digitalization, dynamic capabilities and green innovation: Evidence from e-commerce
demonstration cities in China. Econ. Model. 2024, 139, 106846. https://doi.org/10.1016/j.econmod.2024.106846.

Chen, Y.; Pan, X,; Liu, P.; Vanhaverbeke, W. How does digital transformation empower knowledge creation? Evidence from
Chinese manufacturing enterprises. J. Innov. Knowl. 2024, 9, 100481. https://doi.org/10.1016/j.jik.2024.100481.

Lin, J. New structural economics: A framework of studying government and economics. |. Gov. Econ. 2021, 2, 100014.
https://doi.org/10.1016/j.jge.2021.100014.

Ataide, M.; Braholli, O.; Siegele, D. Digital Transformation of Building Permits: Current Status, Maturity, and Future Prospects.
Build.-Basel 2023, 13, 554. https://doi.org/10.3390/buildings13102554.

Birner, R.; Daum, T.; Pray, C. Who drives the digital revolution in agriculture? A review of supply-side trends, players and
challenges. Appl. Econ. Perspect. Policy 2021, 43, 1260-1285. https://doi.org/10.1002/aepp.13145.

Gao, L.; Huang, R.T. Digital transformation and green total factor productivity in the semiconductor industry: The role of sup-
ply chain integration and economic policy uncertainty. Int. ]J. Prod. Econ. 2024, 274, 109313.
https://doi.org/10.1016/j.ijpe.2024.109313.

Ladu, L.; Koch, C.; Ashari, P.; Blind, K.; Castka, P. Technology adoption and digital maturity in the conformity assessment
industry: Empirical evidence from an international study. Technol. Soc. 2024, 77, 102564. https://doi.org/10.1016/j.tech-
$0¢.2024.102564.

Fromhold-Eisebith, M.; Marschall, P.; Peters, R.; Thomes, P. Torn between digitized future and context dependent past—How
implementing ‘Industry 4.0" production technologies could transform the German textile industry. Technol. Forecast. Soc. Change
2021, 166, 120620. https://doi.org/10.1016/j.techfore.2021.120620.

Zhang, Q.; Wu, P.; Li, R.; Chen, A. Digital transformation and economic growth Efficiency improvement in the Digital media
era: Digitalization of industry or Digital industrialization? Int. Rev. Econ. Financ. 2024, 92, 667-677.
https://doi.org/10.1016/j.iref.2024.02.010.

Masa’deh, R.; Jaber, M.; Sharabati, A.; Nasereddin, A.; Marei, A. The Blockchain Effect on Courier Supply Chains Digitalization
and Its Contribution to Industry 4.0 within the Circular Economy. Sustainability 2024, 16, 7218.
https://doi.org/10.3390/su16167218.

Li, Z.; Wang, L.; Zhao, W. Can Ecological Governance Policies Promote High-Quality Economic Growth? Evidence from a
Quasi-Natural Experiment in China. Sustainability 2023, 15, 9459. https://doi.org/10.3390/su15129459.

Battaglia, M.; Cerrini, E.; Annesi, N. Can environmental agreements represent an opportunity for green jobs? Evidence from
two Italian experiences. . Clean. Prod. 2018, 175, 257-266. https://doi.org/10.1016/j.jclepro.2017.12.086.

Meng, H.; Deng, P.; Zhang, J. Nonlinear Impact of Circulation-Industry Intelligentization on the Urban-Rural Income Gap:
Evidence from China. Sustainability 2022, 14, 9405. https://doi.org/10.3390/su14159405.

Cui, Y.; Zhao, Q; Si, W.; Fan, S. Can information intervention improve dietary quality? Evidence from a randomized controlled
trial in rural China. World Dev. 2024, 176, 106525. https://doi.org/10.1016/j.worlddev.2023.106525.

Zhang, X. Equity-based linkages in the evolving process of industry enclaves: A case study of Suzhou Industrial Park, China.
Int. ]. Urban Sci. 2023, 27, 461-482. https://doi.org/10.1080/12265934.2022.2154250.

Guan, S.; Liu, J.; Liu, Y.,; Du, M. The Nonlinear Influence of Environmental Regulation on the Transformation and Upgrading
of Industrial Structure. Int. |. Environ. Res. Public Health 2022, 19, 8378.

Hong, N.; Ha, L. Making the circular economy digital or the digital economy circular? Empirical evidence from the European
region. Technol. Soc. 2022, 70, 102023. https://doi.org/10.1016/j.techsoc.2022.102023.

Jorge, A; Eric, Z.; David, M. Potential energy saving in urban and rural households of Mexico with solar photovoltaic systems
using geographical information system. Renew. Sustain. Energy Rev. 2019, 116, 109412. https://doi.org/10.1016/j.rser.2019.109412.
Daichi, S.; Hiroyuki, Y.; Gummert, M. Mobile phones and market information: Evidence from rural Cambodia. Food Policy 2015,
57, 135-141. https://doi.org/10.1016/j.foodpol.2015.10.005.

Liu, H,; Lu, G,; Luo, K.; Zong, H. Measurement and Spatio-Temporal Pattern Evolution of Urban-Rural Integration Develop-
ment in the Chengdu-Chongqing Economic Circle. Land 2024, 13, 942. https://doi.org/10.3390/land13070942.

Wei, L.; Zhao, X.; Lu, J. Measuring the Level of Urban-Rural Integration Development and Analyzing the Spatial Pattern Based
on the New Development Concept: Evidence from Cities in the Yellow River Basin. Int. ]. Environ. Res. Public Health 2023, 20, 15.
https://doi.org/10.3390/ijerph20010015.



Buildings 2024, 14, 3978 22 of 22

69. Rao, C.J.; Gao, Y. Evaluation Mechanism Design for the Development Level of Urban-Rural Integration Based on an Improved
TOPSIS Method. Mathematics 2022, 10, 380. https://doi.org/10.3390/math10030380.

70. Nunn, N.; Qian, N. US Food Aid and Civil Conflict. Am. Econ. Rev. 2014, 104, 1630-1666. https://doi.org/10.1257/aer.104.6.1630.

71. Hansen, B. Threshold effects in non-dynamic panels: Estimation, testing, and inference. J. Econom. 1999, 93, 345-368.
https://doi.org/10.1016/S0304-4076(99)00025-1.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual au-
thor(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.



