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Abstract

Industrial structure optimization and upgrading driven by information infrastructure fa-
cilitates resource-efficient allocation, which is crucial for advancing China’s economic de-
velopment toward sustainability. This paper constructs a simplified multi-sector general
equilibrium model to theoretically reveal the mechanism of information infrastructure’s
impact on industrial structure. Theoretical results indicate that among various factors, in-
formation infrastructure investment scale, its effect on industrial sector factor productiv-
ity, and the capital factor output elasticity of industrial sectors are three key determinants
of industrial structure rationalization. Based on this, the paper uses China’s provincial
panel data from 2009 to 2022 and adopts the fixed effect estimation method to empirically
verify the theoretical conclusions. Empirical results show that information infrastructure
characteristics play a pivotal role in promoting industrial structure optimization. They
exert a positive effect on the free flow of production factors across industrial sectors and
efficient resource allocation. Specifically, fixed information infrastructure has a stronger
impact on industrial structure rationalization than mobile information infrastructure. Nei-
ther mobile nor fixed information infrastructure exerts a significant impact on industrial
structure upgrading. To fully leverage information infrastructure and its investment, fur-
ther efforts are needed to strengthen their role in high-value-added industrialization and
high-tech industrialization, thereby consolidating the foundation for sustainable eco-
nomic development.

Keywords: information infrastructure; industrial structure; optimization and upgrading;
sustainable development; resource allocation efficiency

1. Introduction

The 2025 Chinese government work report once again explicitly calls for “vigorously
promoting the construction of a modernized information infrastructure and accelerating
the development of new productivity”. The information infrastructure renowned globally
for its concentrated R&D investment, vibrant innovation ecosystem, and extensive appli-
cation scope, constitutes a critical digital cornerstone for economic advancement [1-3].
Information infrastructure consists of two key components, namely mobile information
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infrastructure and fixed information infrastructure. Mobile information infrastructure
and fixed broadband infrastructure act as key material carriers of information in the digi-
tal economy, providing essential support for the evolution and application of next-gener-
ation information technologies such as the Internet of Things (IoT) and Artificial Intelli-
gence (Al) [4,5]. China officially launched 5G commercial services in 2020 and has since
achieved remarkable milestones in infrastructure deployment. By the end of 2024, the
number of 5G base stations constructed in China exceeded 4.6 million. Concurrently, the
number of 5G mobile users reached 1.1 billion, representing the world’s largest 5G user
base. Additionally, the total number of internet broadband access ports in China reached
1.2 billion. Therefore, can large-scale construction of information infrastructure promote
the optimization and upgrading of industrial structure? What are the impact mechanisms?
To fully leverage information infrastructure and its investment, further efforts are needed
to strengthen their role in high-value-added industrialization and high-tech industrializa-
tion, thereby consolidating the foundation for economic sustainability.

Infrastructure is a crucial factor influencing industrial structure transformation,
among which information infrastructure constitutes a vital category. It primarily impacts
industrial structure in two dimensions: optimization and upgrading, serving as a corner-
stone for sustainable economic development. From the perspective of industrial structure
optimization, during the production and manufacturing process, various industries re-
quire the coordinated matching of technologies, resources, and product production to
achieve efficient resource allocation, therefore realizing rationalization of the industrial
structure [6]. The spillover effects, information symmetry or asymmetry associated with
infrastructure in the process of industrial development can lead to overcapacity or exces-
sive fluctuations in production capacity [7-9]. As a type of infrastructure, information in-
frastructure also exhibits the characteristic of spillover, serving as an important mecha-
nism to exert influences across various sectors of the economy and society [10-12].

Most scholars have conducted research on the impact of information infrastructure
on industrial structure, illuminating the particularly crucial role of information infrastruc-
ture in industrial structure adjustment in the digital information economy, particularly
regarding its contribution to sustainable economic development. Jensen [13] and Vu [14]
have demonstrated that information infrastructure promotes technological dissemination
and innovation, reduces production costs, and stimulates an increase in demand. Yu [15]
and Zhou [16] explored the link between information infrastructure investment and in-
dustrial structure transformation and upgrading, noting significant supply-side differ-
ences between information and traditional infrastructure in production technology and
industrial investment sources. They emphasized that China should leverage its institu-
tional advantages to expand new infrastructure investment. Han and Zhu [17] analyzed
and indicated a significant positive correlation between information infrastructure and
productivity, suggesting that the communications industry should strengthen close coop-
eration with vertical sectors. By constructing a game model of asymmetric competition
between the digital economy and the traditional economy, Luo and Lee [18] examined the
relationship between the two. The results revealed that the digital economy generates
technological spillover effects on the traditional economy, which can facilitate the digital
transformation and upgrading of the traditional economy. Existing studies that treat in-
formation infrastructure as an aggregate variable, this study distinguish between mobile
information network infrastructure and fixed information infrastructure, verifying both
promote industrial structure rationalization.

Additionally, scholars have explored how information infrastructure sustains eco-
nomic effects through information network transmission. However, these scholars mainly
focus on two dimensions: macroeconomic effects, such as the impacts of information net-
work facilities on economic growth, export trade, wages and employment structure, and
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microeconomic effects, including the relationships between information network facilities
and entrepreneurship, operational performance and enterprise behavioral decisions. For-
manc [19] revealed the positive effect of information network facilities on wages. Some
studies analyzed the impact of internet development on labor productivity in the manu-
facturing sector. Based on a quasi-natural experiment of the “Broadband China” pilot pol-
icy, they found that information networks exert a significant productivity effect [20-23].
Using the same experiment, Koutroumpis [24] and Roller [25] also revealed that infor-
mation infrastructure construction generates effects of optimizing enterprise technology
structure and promoting technology diffusion. Some scholars demonstrated that the rapid
development of technologies such as big data, blockchain, and artificial intelligence ne-
cessitates accelerating the construction of an information technology-centered system,
therefore driving industrial structure toward the high end of the global value chain [26-
28]. At the same time, improvements in communication services amid information infra-
structure have enhanced the communication capabilities between sectors and industries
[29-31].

In summary, although some achievements have been made in scholars on the impact
of information infrastructure construction on the industrial structure from the perspective
of industrial development. It is urgent to empirically reveal its role in industrial structure
and clarify whether it promotes industrial structure optimization or upgrading to support
economic sustainability.

The rest of the present study is arranged as follows: Section 2 outlines the analytical
framework and research hypotheses. Section 3 details the econometric approaches and
data sources. Section 4 of the study offers an analysis of the estimation results, with a focus
on the model’s basic regression, robustness, and heterogeneous effects.

2. Materials and Methods
2.1. Industrial Structure Optimization and Upgrading

Two dimensions are commonly employed to measure the characteristics of industrial
structure: namely industrial structure optimization and industrial structure upgrading.
Industrial structure optimization mainly refers to the quality of structural aggregation,
encompassing two key aspects: the coordination degree of the structure and the efficiency
of resource allocation [32,33]. This study represents the optimization level using the in-
dustrial structure deviation degree, a metric that helps sustain balanced economic devel-
opment. The calculation formula is as follows:

Yi/L; Yi/Y
TE = Y1, ﬁ_1|= ?=1|L;7_1|/ 1)

where TE denotes the industrial structure deviation degree, Y; represents the output
value, L; stands for the number of employees, and n indicates the number of industrial
sectors. This study mainly analyzes the industrial structure of the primary industry, sec-
ondary industry, and tertiary industry, so n = 3, where i =1, 2,3 correspond to the pri-
mary industry, secondary industry, and tertiary industry respectively. The primary in-
dustry mainly refers to sectors engaged in production activities directly dependent on
natural resources, such as agriculture, forestry, fishery, and mining. These activities form
the foundation of the human economy and provide raw materials for subsequent indus-
tries. The secondary industry encompasses sectors engaged in processing and manufac-
turing primary products, with typical examples including manufacturing and construc-
tion. These industries enhance the added value of raw materials through technological
transformation. The tertiary industry refers to sectors that do not directly involve material
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production but provide services, such as retail, education, healthcare, finance, and tour-
ism. With economic development, the tertiary industry has gradually become the domi-
nant force in the modern economic system.

In addition to the industrial structure deviation degree, the Theil Index is also an
indicator for measuring the level of industrial structure optimization [34], and its formula
is expressed as follows:

TL = ¥, (i (G5, @)

Y/L

When the economy is in a steady state, TL = 0; the greater the deviation of the Theil
Index from 0, the more irrational the industrial structure becomes.

Industrial structure upgrading refers to the changing proportional relationships
among various industrial sectors, indicating the shift from the primary industry to the
secondary and tertiary industries, the transformation from labor-intensive industries to
capital-intensive industries and further to technology-intensive industries, as well as the
transition from manufacturing low-value-added primary products to high-value-added
intermediate products and final products. Generally, the level of industrial structure up-
grading is reflected by the output value proportional relationships among various indus-
tries, namely the ratio of the secondary and tertiary industries [35,36], which is expressed
as follows:

Y-

TG = Y—z (3)
where Y, denotes the output value of the secondary industry, and Y; represents the out-
put value of the tertiary industry. A larger value of TG indicates a higher level of indus-
trial structure upgrading; conversely, a smaller value of TG implies a lower level of in-
dustrial structure upgrading.

2.2. The Influence Mechanism of Information Infrastructure on Industrial Structure
Optimization and Upgrading

Information infrastructure serves as a critical foundation for the digitization and in-
telligent transformation of the economy and society. From the perspective of industrial
structure, this paper conducts a theoretical analysis of the economic impacts of infor-
mation infrastructure investment by constructing a simplified multi-sector General Equi-
librium Model. The adoption of a multi-sector General Equilibrium model in this study is
highly appropriate for exploring issues including inter-sectoral factor mobility, industrial
structure transformation, and the spillover effects of infrastructure across multiple indus-
tries. Unlike single-sector models, it does not overlook inter-industrial linkages. Instead,
it captures cross-industry interactions and differences in production functions and factor
allocation. This choice is consistent with Zhengquan [37], reflecting methodological inher-
itance in related research. The model aligns with the context of information infrastruc-
ture’s cross-industry empowerment. It enables precise identification of the heterogeneous
impacts of information infrastructure on the primary, secondary, and tertiary industries.

Subscripts j € {1,2,3} are used to denote the three industrial sectors in the economy
and society, where j = 1 represents the primary industry, j = 2 the secondary industry,
and j = 3 the tertiary industry. It is assumed that each of the three industrial sectors is
organized for production by a representative firm, with the production function given by:

v, = ATPK LY, (4)
where ¥; denotes the output of the corresponding industrial sector, A; TP represents to-
tal factor productivity (TFP), T stands for information infrastructure, T#/ indicates the
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promotion effect of information infrastructure on factor productivity, with f; used to dis-
tinguish the heterogeneous promotion effects of information infrastructure on the factor
productivity across different industrial sectors, K; denotes capital, a; represents the out-
put elasticity of capital, L;jstands for labor, and 1 — «; indicates the output elasticity of
labor.

2.2.1. Profit Maximization of Producers

Let P; denote the product price of the corresponding industrial sector, R represents
the capital rental rate (without a subscript, indicating that the capital rental rate is unbi-
ased across different industrial sectors), and W; stand for the labor wage in the corre-
sponding industrial sector. Then, the profit maximization problem faced by the repre-
sentative firm in each industrial sector is expressed as follows:

nax () = BY; = RK; = Wl o)

The first-order conditions are:

anj(Yj) =0
anj(Yj) _ 0/
aLj -

The equilibrium conditions for the representative firm in each industrial sector are
derived as follows:
RK; = &P,
, @)
WiLj = (1 — a)BY;
It is assumed that the production of investment goods in the economy and society is
characterized by a representative investment goods producer. To simplify the model, it is
assumed that starting from the current period, the investment goods producer only pro-
duces information infrastructure, adopting the Constant Elasticity of Substitution (CES)
Production Function:

£;

1 g~1 1 g-1 1 g1 T—ll
I = (gfillsi + gzgilzsi + 9§i138i ) : (8)

where I denotes the quantity of investment goods (information infrastructure) produced,
I, represents the quantity of output from the primary industry used for producing invest-
ment goods, I, stands for the quantity of output from the secondary industry used for
producing investment goods, and I3 indicates the quantity of output from the tertiary
industry used for producing investment goods. 6,, 6,, and 8; are constants satisfying
01,0,,0; > 0and 6,46, + 0; = 1, while ¢; represents the elasticity of substitution in in-
vestment.

Let P; denote the price of the produced investment goods. Then, the profit maximi-
zation problem faced by the representative producer of investment goods is:

{mg?fg}ﬂ(l) =Pl — P, — P, 1I,—PI;, 9)

Now, the first-order conditions are:
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on(l) _
( an 0
on(l) _
Te=0 (10)
on(l) _
alz 0

The equilibrium conditions for the producer of investment goods (information infra-
structure) are derived as follows:

[Plll = 6,P "*pfi]
P,I, = 6,P, IPfi, (11)

Pyly = 03P, P11

Substituting the above equation into Equation (8), there results:

1
Py = (6,P % + 6,P % + 0,P} 1) E, (12)

Let y; denote the proportion of investment goods (information infrastructure) input
sourced from the tertiary industry sector, which is defined as follows:

_ P3l3
M= Pl tPaly (13)
Combining the above equation with Equations (11) and (12) results in the following;:

1-¢&;
03P, !
= (14)

Py

It is assumed that the information infrastructure investment in the current period
contributes to the formation of information infrastructure in the next period. Let T’ de-
note the information infrastructure in the next period and J; represent the depreciation
rate of information infrastructure (0 < §; < 1), and then:

T =(1-6)T+1, (15)

2.2.2. Utility Maximization of Consumers

It is assumed that consumption in the economy and society is represented by a rep-
resentative consumer, with the utility function taking the Constant Elasticity of Substitu-
tion (CES) form:

Ec

1 ge-1 1 g1 1 Ec=1\g1
_ Ecpr Ec & Ec Ecr Ec 16
U—<w1 C,° +w,C," + w,°Cy > , (16)

where U denotes consumer utility, C; represents the quantity of output from the primary
industry allocated to consumption, C, stands for the quantity of output from the second-
ary industry allocated to consumption, and C; indicates the quantity of output from the
tertiary industry allocated to consumption. w;, w, and w; are constants satisfying
w1, Wy, w3 > 0and w;+w, + w; =1, while &, represents the elasticity of substitution in
consumption.

Let Q denote the amount of money available to consumers for consumption. Then,
the budget constraint faced by consumers is:

PiCy + P,Co+P3C5 = Q, (17)

The problem faced by consumers in pursuing utility maximization is:
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Ec

1 -1 1 -1 1 gc-1N\g1
_ g & Ecr Ec Ecr Ec 18
R OO R 1e)

s.t. P1C1 + P2C2+P3C3 = Q

The Lagrangian function is:

Ec

1 el 1 &ml 1 Eeml\pg
L:(@%f6+w;g%4mgg%> +A(Q = P,Cy — P,C,—P5C),  (19)

The first-order conditions are:
o _
ac,
ar
3 =0 (20)
o _
ac;
Consumers satisfy the following conditions:

(Plc1 = w, P Q15
P,C, = w,P, ~%¢Qc U %, (21)

P;Cs = w3P, QP15
Combining the above equation with Equations (16) and (17) results in the following;:
Q =P:U, (22)

where

1
_ 1-¢ 1-¢ 1-£\Toes
P = (w1 P, 75 + wy Py % + wyPy ~¢) 175,

Let uc denote the proportion of input sourced from the tertiary industry sector in
consumption, which is defined as follows:

_ P3C3
Uc = 7
P1C1+P,C,+P3C3

(23)

Combining the above equation with Equations (21) and (22) results in the following;:

1-¢
wzPy €

He = —1ec (24)

Pc

2.2.3. Market Equilibrium Condition

Based on the above discussions on production, investment, and consumption in the
economy, and considering that the goods market equilibrium condition in the economy is
that the output of each industrial sector is fully allocated to consumption and investment,
while the factor market clearing condition is that total capital and total labor are fully
allocated to production across all industrial sectors, the following holds:

Y =G+
K=K; +K, +Kj, (25)

L=L;+L,+L,
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Let s denote the investment rate, which represents the proportion of total invest-
ment in information infrastructure in the total output value of the economy and society,
and is defined as follows:

_ Plll +P2]2 +P313
T P1Yq+P,Y,+PsYs5’

(26)

Combining the market equilibrium conditions of the goods market and producer
markets, this study examines the impact of information infrastructure on industrial struc-
ture from two dimensions: the optimization and upgrading of industrial structure.

In terms of the upgrading of industrial structure, from Equations (13), (23) and (26),
the following holds:

P3C5 = uc(1 = s)(PyY; + P,Y,+PsY3)
/ (27)
P3l3 = ps(PY; + P,Y,+P3Y3)

In general, the proportion of the output value of the tertiary industry sector in the
total output value of the economy can be used to measure the level of industrial structure
upgrading. From Equation (27), the following is obtained:

P3Y3

PXATEATS A Tl CT R AL (28)

In terms of the optimization of industrial structure, let Yj’ denote the output of the
corresponding industrial sector in the next period and L; denote the labor of the corre-
sponding industrial sector in the next period. Considering that this model assumes all
consumer income is allocated to consumption, with no savings to form capital accumula-
tion, the capital in the next period is thus the same as the capital in the current period.
From Equations (4) and (15), the following holds:

InY; =InA; + B;InT +a;InK; + (1 —a;) InL;

, (29)
InY/ =InA; + ;In[(1 = )T +I] + & InK; + (1 — ;) In L]

In general, the degree of industrial structure optimization can be measured by the
matching degree between the output structure (output value share) and the employment
structure (labor share). From Equation (29), the relationship between the output growth
rate and labor growth rate of each industrial sector is given by:

InY —InY, = ;1“2 4 (1 - a)(nLj — InL), (30)

Furthermore, the difference between the output growth rate and labor growth rate of
each industrial sector is:

(Iny —InY)) = (nLj —InL) = f;In =L — g, (an Ly — In L), (31)

By constructing the model, this study clarifies the impact and mechanism of infor-
mation infrastructure on the upgrading and optimization of industrial structure, and
draws the following propositions:

Proposition 1. The characteristics of information infrastructure reflect the impact of productive
forces on industrial structure upgrading. This impact is linked, on one hand, to the proportion of
information infrastructure investment in total economic and social output value—namely, the in-
vestment rate—and on the other hand, to disparities in the industrial composition of consumption
and investment.

Proposition 2. The impact of information infrastructure on the optimization of industrial struc-
ture is related to the degree of influence of information infrastructure on factor productivity across
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different industrial sectors, the investment volume of information infrastructure, and the capital-
output elasticity of different industrial sectors.

Based on the theoretical deductions from the simplified multi-sector general equilib-
rium model, two research hypotheses are proposed.

H1: Information infrastructure exerts a positive impact on industrial structure optimization.

H2: Information infrastructure has an insufficient impact on industrial structure upgrading.

3. The Model
3.1. Econometric Methods

Based on the findings of Wooldridge, this study employs the Hausman test for judg-
ment and adopts the fixed-effects model for analysis [38]. To verify the impact of infor-
mation infrastructure construction on industrial structure, the following econometric
model is constructed:

Struct;; = a; + f; InStation;; + y; In Pgdp;; + y,Urb;; + y5Grlabor;, + (32)
viEdugao;, + ysTrade; + €,
Struct;; = a; + 1 In Broadband;; + y; In Pgdp;; + y,Urb;; + ysGrlabor;, +

(33)
viEdugao;; + ysTrade;; + €,

where i denotes the region and t denotes time. Struct;, as the dependent variable, re-
flects the industrial structure of regioniin period t, which is measured from two dimen-
sions: industrial structure optimization and industrial structure upgrading. Specifically,
this study uses two indicators —industrial structure deviation degree (TE) and Theil Index
(TL)—to measure the level of industrial structure optimization; the ratio of the tertiary
industry to the secondary industry (TG) is used to measure the level of industrial structure
upgrading. Station; and Broadband,; are the core dependent variables. The five control
variables are defined as follows: Pgdp is per capita GDP, Urb is the level of urbaniza-
tion, Grlaboris the labor growth rate, Edugao is the education level, and Trade is the
intensity of foreign trade. ¢;; is the random error term.

The theoretical parameter f; captures the heterogeneous promoting effect of infor-
mation infrastructure on factor productivity across the primary, secondary, and tertiary
industries (j = 1, 2, 3). In the empirical analysis, this parameter is operationalized by the
core explanatory variables—the logarithm of mobile communication base stations (InSta-
tion) and broadband access ports (InBroadband). These two indicators directly measure
the physical deployment scale of mobile and fixed information infrastructure, whose re-
gression coefficients reflect the actual marginal impact of information infrastructure on
industrial factor productivity in the empirical setting.

The econometric estimations in this study, including fixed-effects regression, robust-
ness tests, and endogeneity tests were all conducted using Stata 17.0.

3.2. Variables

First, the number of mobile communication base stations is used as the measurement
indicator for mobile information infrastructure capacity, and it serves as a core independ-
ent variable (Station;; ). A mobile communication base station is a docking device for mo-
bile terminals to access the Internet, a basic unit for achieving wireless information cover-
age, and a key indicator for measuring the development level of information infrastruc-
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ture. The number of mobile communication base stations as the proxy for mobile infor-
mation infrastructure. This aggregate measure inherently includes 5G base stations, along
with 3G and 4G base stations built in previous years.

Second, the number of broadband accesses is adopted as the measurement indicator
for fixed information infrastructure capacity, and it also functions as a core independent
variable (Broadband;;). Broadband access is a method for realizing wired Internet access,
thereby enabling broadband connection to households [39]. The number of users of fixed
communication units and residents is reflected to a certain extent by the number of broad-
band access ports, which is an important indicator for measuring the coverage level of
fixed communication information [40]. Mobile communication base stations and broad-
band access ports are standard proxies for information infrastructure in the literature, as
they directly measure the physical deployment of network facilities.

Finally, to alleviate endogeneity bias arising from omitted variables, this study se-
lected other factors affecting regional industrial structure upgrading as control variables,
with reference to existing research outcomes. The status of economic development
(InPgdp;;) is characterized by the logarithm of per capita GDP. The level of urbanization
(Urby) is measured by the proportion of the urban population in the total population of
each province. The labor growth rate (Grlabor) is measured by the growth rate of the
population aged 15-64 (of working age) [41]. The level of human capital (Edugao;) is
measured by proportion of the population with senior high school education or above in
the population aged 6 years and over in each region. The intensity of foreign trade (Trade;,)
is measured by the ratio of the total import and export value of operating units to GDP.

3.3. Data Sources

The data used in this study were gathered from various sources. Data on mobile com-
munication base stations and broadband access ports were extracted from the China Tel-
ecommunications Statistics Yearbook Report and Annual Reports of Chinese telecommu-
nications operators, covering the period 2009-2022. This datasets include mobile commu-
nications infrastructure, measured by the count of mobile communications base stations —
encompassing 3G (e.g.,, WCDMA), 4G (e.g., LTE), and 5G mobile network stations. It also
comprises fixed communication infrastructure, quantified as the number of broadband
access ports. For individual scattered missing values in the panel data, linear interpolation
was adopted to supplement the data, ensuring the continuity and comparability of time-
series indicators.

Data on GDP, urban population, and import and export value were extracted from
the China Statistical Yearbook. This yearbook features various GDP series. In the present
study, a metric is adopted where GDP levels are built using multiple PPP benchmark
years, thereby adjusting for price shifts across these benchmarks. Information on the labor
force was sourced from the China Labor Statistical Yearbook, with the labor force gauged
by the population aged 15 to 64 years. Table 1 presents the fundamental features of the
variables:

Table 1. Descriptive Statistics of Variables.

Variables Variable Mean Star'lda.rd Min. Max.
Symbols Deviation
Industrial structure deviation degree TE 1.834 0.694 0.820 4.546
Theil Index TL 0.215 0.130 0.017 0.662
The level of industrial structure upgrading TG 1.200 0.669 0.500 5.169
The number of mobile communication base stations In Station 11.520 0.944 8.433 13.540
The number of broadband accesses In Broadband 7.037 1.083 2.879 9.052
The logarithm of per capita GDP InPgdp 10.730 0.463 9.464 12.010
The level of urbanization Urb 0.566 0.134 0.222 0.942
The labor growth rate Grlabor -0.009 0.026 -0.074 0.138
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The level of human capital Edugao 0.162 0.037 0.040 0.235
The intensity of foreign trade Trade 0.260 0.274 0.011 1.324

4. Results

4.1. Basic Regression Results

Regression results were calculated using Equations (32) and (33), and they are pre-
sented in Table 2. In Columns 1 and 2 of Table 2, the dependent variable for the regression
results is the industrial structure deviation degree. The core independent variables are the
number of mobile communication base stations and the number of broadband access ports
with regression coefficients of —0.166 and -0.186, respectively —both significant at the 1%
statistical level.

For Columns 3 and 4, the dependent variable is the Theil Index. The regression coef-
ficient of the core independent variable (number of mobile communication base stations)
is —0.019, significant at the 5% statistical level; the regression coefficient of the other core
independent variable (number of broadband access ports) is -0.023, significant at the 1%
statistical level.

In Columns 5 and 6, the dependent variable is industrial structure upgrading. The
regression coefficient of the number of mobile communication base stations (a core inde-
pendent variable) is —0.190, significant at the 1% statistical level; the regression coefficient
of the number of broadband access ports (the other core independent variable) is —0.202,
also significant at the 1% statistical level.

7

Table 2. Basic model: effect of information infrastructure on industrial structure.

, TE TE TL TL TG TG
Variables @ @ 3) @ ) ©)
In Station, 20.166 *** 20.0193 ** 20.190 ***
i (0.042) (0.008) (0.044)
20.186 = 20.023 ** 20202 %%
In Broadband;c (0.035) (0.006) (0.037)
In Pecp 20.634 ** 20.623 ** 20.102 % 20.100 *** 0.583 *** 0.586 ***
(0.133) (0.129) (0.024) (0.023) (0.140) (0.136)
Urh 0.946 ** 20.839 * 20.256 *** 20.247 %% 1913 == 2.074 %
(0.480) (0.453) (0.086) (0.082) (0.507) (0.479)
crlabor 0.552 -0.192 0.001 -0.101 0.069 ~0.625
(1.528) (1.508) (0.086) (0.274) (1.613) (1.596)
Edugao ~1.148 —0.477 0.179 0272 2787 % 2168 *
(1.214) (1.200) (0.219) (0.218) (1.282) (1.269)
Trade 0.348 ** ~0.302 * Z0.110 *** 20104 *** ~0.470 *** ~0.429 %
(0.157) (0.154) (0.028) (0.028) (0.166) (0.163)
Constant 11.31 ** 10.40 ** 1.673 *+ 1.565 = 23381 * 4,308 **
(1.246) (1.217) (0.224) (0.221) (1.315) (1.287)
Observations 372 372 372 372 372 372
Number of years 13 13 13 13 13 13
R-squared 0.532 0.549 0.551 0.560 0.286 0.310

Note: Variables with * indicate significance at the 10% level, ** at the 5% level, and *** at the 1% level;

standard errors are in parentheses.

An analysis of the above calculation results indicates that information infrastructure
construction can promote industrial structure optimization. Whether considering the in-
formation capacity of mobile information network infrastructure is mainly measured by
the number of mobile communication base stations, or that of fixed information network
infrastructure by the number of broadband access ports; and whether the dependent var-
iable is the industrial structure deviation degree (TE) or the Theil Index (TL), the regres-
sion coefficients of information infrastructure are all negative. This suggests that infor-
mation infrastructure construction can reduce the irrationality of the industrial structure.
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The economic explanation for this is as follows: With the improvement of information
infrastructure, the information transmission rate increases, the information carrying
bandwidth expands, and the penetration into all aspects of production and life rises. This
drives the interaction of information, technology, capital, and talent flows across sectors,
promoting the cross-industry flow of production factors and thus facilitating more sus-
tainable industrial structure optimization.

An additional analysis of the above calculation results reveals that while information
infrastructure can promote industrial structure optimization, it does not necessarily facil-
itate industrial structure upgrading. When the dependent variable is the output ratio of
the tertiary industry to the secondary industry, the regression coefficients of mobile com-
munication and fixed communication are both significantly negative. This indicates that
the impact of information infrastructure on industrial structure upgrading is related to
the proportion of information infrastructure investment in total economic and social out-
put value, as well as the industrial composition of consumption and investment. The im-
provement of information infrastructure alone cannot play a decisive role in driving in-
dustrial structure upgrading. The economic explanation for this phenomenon is as follows:
Knowledge accumulation and technological progress are processes requiring long-term
accumulation. China has achieved relatively high technological levels in low-end indus-
tries, but its technological capabilities in medium-to-high-end industries remain relatively
weak. Although the application of communication technology can promote the transfor-
mation of low-end industrial chains to high-end ones, this transition demands a pro-
longed period.

Further economic explanations are provided for the finding that information infra-
structure exerts a significant negative impact on industrial structure upgrading. First, re-
garding the sequential relationship between structural optimization and upgrading, in-
dustrial structure transformation follows a logical progression of “rationalization first,
then upgrading”. Information infrastructure in China, particularly during the study pe-
riod, has primarily played a role in promoting structural rationalization. It enhances in-
formation transmission efficiency and reduces information asymmetry, thereby facilitat-
ing cross-sector free flow of production factors, mitigating resource misallocation, and
addressing core structural irrationalities such as output-employment structure mis-
matches. However, industrial structure upgrading, which involves qualitative leaps, such
as shifting from labor-intensive to technology-intensive sectors and moving up the global
value chain, relies on long-term accumulation of technological innovation, human capital,
and high-value-added industrial agglomeration. At the current stage, the role of infor-
mation infrastructure is still concentrated in laying the foundation for factor mobility, and
it has not yet formed sufficient synergy with high-tech industries to drive the qualitative
transformation of the industrial structure, resulting in a negative regression coefficient.
Second, considering transition dynamics, the transformation of industrial structure is a
long-term, path-dependent process. Before the widespread deployment of 4G/5G and the
implementation of the “Broadband China” strategy, information infrastructure met basic
information transmission needs, with limited capacity to support technological innova-
tion and industrial transformation. Even in the 2014-2022 period, although infrastructure
capabilities improved significantly, the time lag between digital infrastructure investment
and industrial upgrading effects, coupled with rigidities in the traditional industrial sys-
tem (e.g., lock-in effects of low-end production capacity), has hindered the immediate re-
alization of upgrading dividends. Third, the rapid expansion of information infrastructure
has also led to short-term overcapacity in some low-value-added digital service sectors,
which to a certain extent distorts the structural upgrading trend, further contributing to
the negative empirical result. Fourth, industrial structure upgrading is a complex and
multi-dimensional process, jointly shaped by economic complexity (ECI), technological
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intensity (OECD classification), and workforce reskilling. Economic complexity reflects
the diversity and sophistication of a regional industrial system. A higher ECI helps form
a synergistic ecosystem dominated by technology and knowledge-intensive sectors, lay-
ing the foundation for industrial upgrading by expanding high-value-added economic
activities. Technological intensity, a core indicator distinguishing high-tech, medium-
high-tech, and low-tech sectors, directly drives upgrading through the agglomeration and
spillover effects of high-tech industries. These sectors not only increase the proportion of
high-value-added industries but also promote the technological transformation of tradi-
tional industries. Workforce reskilling eliminates the “skill mismatch” between labor sup-
ply and the needs of technology-intensive sectors, enabling effective absorption and ap-
plication of advanced technologies, thus accelerating the shift from labor-intensive to
technology-intensive industrial structures. These factors interact with information infra-
structure, and their development level and coordination may further affect how efficiently
information infrastructure drives industrial structure upgrading.

4.2. Regression Results of Regional Heterogeneity

In terms of economic development level, industrial structure, and openness degree
exist between China’s eastern coastal areas and inland regions. Information infrastructure
investment presents obvious regional differences. Thus, infrastructure development lev-
els exert distinct impacts on the industrial structure. This is of great significance for ex-
ploring core dimensions of information infrastructure construction investment. It also
provides a basis for bridging regional gaps, thereby enhancing the sustainability of re-
gional development. In accordance with the classification standards of the National Bu-
reau of Statistics of China, the 31 provinces in China are divided into three regions: East-
ern, Central, and Western China. The Eastern Region comprises 11 provinces, the Central
Region includes 8 provinces, and the Western Region consists of 12 provinces.

Table 3 presents the regression results for the eastern region. Columns 1 to 4 demon-
strate the impacts of information infrastructure on industrial structure optimization. Spe-
cifically, when deviation degree (TE) is used as the dependent variable in Columns 1 and
2, the regression coefficient of mobile information infrastructure is -0.051, statistically sig-
nificant at the 5% level, while that of fixed information infrastructure is -0.053, also sig-
nificant at the 5% level. For Columns 3 and 4, where Theil Index (TL) acts as the dependent
variable, the coefficients of the independent variables representing mobile information
network infrastructure and fixed information network infrastructure are 0.028 and 0.025,
respectively, with both significant at the 1% level. Columns 5 to 6 examine the impact of
information infrastructure on industrial structure upgrading; with the level of industrial
structure upgrading (TE) as the dependent variable, the regression coefficients of mobile
communication and fixed communication are -0.322 and -0.333, respectively, and both
are highly significant at the 1% level. These results indicate that the development of infor-
mation infrastructure in the eastern region facilitates industrial structure optimization but
exerts no positive effect on industrial structure upgrading. This outcome stems from the
relatively mature industrial structure of the eastern region: information infrastructure pri-
marily enhances resource allocation efficiency within the existing industrial system, thus
boosting structural optimization. In contrast, industrial structure upgrading depends
more on technological innovation, industrial transformation and high-end element ag-
glomeration, and the current development level of information infrastructure in this re-
gion has not yet formed an effective driving force for these core upgrading links, leading
to the lack of a positive impact.
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Table 3. Eastern Region of China: effect of information infrastructure on industrial structure.

Variables

Eastern Region of China

TE TE TL TL TG TG

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

In Station;;

~0.051 ** 0.028 *** ~0.322 ***
(0.025) (0.004) (0.109)

In Broadband;,

~0.053 ** 0.025 *** ~0.333 ***
(0.021) (0.003) (0.091)

In Pgdp

—0.537 *** ~0.536 *** ~0.134 ** ~0.128 *** 1.455 1.456 ***
(0.067) (0.064) (0.010) (0.010) (0.286) (0.269)

Urb

0.041 0.066 0.0716 * 0.037 0.099 0273
(0.239) (0.222) (0.038) (0.035) (1.013) (0.930)

Grlabor

~1.828 ** —1.894 ** —0.311 *** ~0.292 ** -3.52 -3.916
(0.706) (0.701) (0.114) (0.113) (2.989) (2.937)

Edugao

1.273 1.201 0.185 0.186 11.69 ** 11.28 #
(0.811) (0.802) (0.131) (0.130) (3.430) (3.360)

Trade

-0.079 -0.064 -0.010 -0.013 —1.945 % —1.858 ***
(0.069) (0.069) (0.011) (0.011) (0.296) (0.292)

Constant

7.539 +*+ 7.313 +** 1.159 #** 1.268 *** ~11.98 *** ~13.38 ***
(0.582) (0.581) (0.094) (0.094) (2.463) (2.435)

Observations

132 132 132 132 132 132

Number of years

13 13 13 13 13 13

R-squared

0.701 0.707 0.808 0.812 0.568 0.584

Note: Variables with * indicate significance at the 10% level, ** at the 5% level, and *** at the 1% level;

standard errors are in parentheses.

The regression results for the central region are presented in Table 4. Columns 1 and
2 take deviation degree (TE) as the dependent variable: the regression coefficient of mobile
information infrastructure is —0.286, which is statistically significant at the 10% level, while
the coefficient of fixed information infrastructure is insignificant. When the Theil Index
(TL) serves as the dependent variable in Columns 3 and 4, neither the coefficient of mobile
information infrastructure nor that of fixed information infrastructure is statistically sig-
nificant. Columns 5 to 6 explore the impact of information infrastructure on industrial
structure upgrading; with TG as the dependent variable, the regression coefficients of mo-
bile information network infrastructure and fixed information infrastructure are 0.321 and
0.311, respectively, both highly significant at the 1% level.

The underlying economic explanation for the results is that the development of in-
formation infrastructure exerts no significant impact on industrial structure optimization
but has a prominent positive effect on industrial structure upgrading in the central region.
This phenomenon may be attributed to the stage-specific characteristics of industrial de-
velopment in the central region: the region is in a critical period of industrial transfor-
mation, where information infrastructure mainly provides technical support and factor
connection channels for the upgrading of traditional industries and the cultivation of
emerging industries, thereby effectively promoting industrial structure upgrading. How-
ever, due to the unbalanced allocation of regional resources and the relatively fragmented
industrial layout, the role of information infrastructure in optimizing the rationality of the
existing industrial structure has not been fully exerted, resulting in insignificant regres-
sion results.

Table 4. Central Region of China: effect of information infrastructure on industrial structure.

Variables

Central Region of China

TE TE TL TL TG TG

(1) (2) (3) @ (5) (6)

In Station;;

-0.286 * -0.057 0.321 ***
(0.165) (0.034) (0.094)
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0.157 0.020 0.311 ***
In Broadband;
1 Broacbanty (0.152) (0.032) (0.084)
In Ped 0.885 *** 0.694 *** 0.146 *** 0.114 ** —-0.830 *** —0.887 ***
8ep (0.211) (0.222) (0.044) (0.047) (0.120) (0.123)
Urb 0.692 24271 *** -0.114 0.198 4211 *** 3.733 ***
(0.923) (0.736) (0.195) (0.156) (0.526) (0.409)
Grlabor -3.597 -3.218 -0.210 -0.162 -0.625 0.154
(2.420) (2.482) (0.512) (0.526) (1.380) (1.381)
Edugao 3.637 *** 3.750 *** 1.088 *** 1.077 *** -0.786 0.580
& (1.335) (1.414) (0.282) (0.300) (0.761) (0.787)
Trade -0.319 0.656 -0.181 -0.004 —2.799 *** =3.073 ***
(1.009) (0.968) (0.213) (0.205) (0.575) (0.539)
Constant -5.219 * =8.670 *** -0.761 =1.410 *** 4119 ** 6.261 ***
(2.739) (2.268) (0.579) (0.481) (1.562) (1.261)
Observations 96 96 96 96 96 96
Number of years 13 13 13 13 13 13
R-squared 0.406 0.390 0370 0.350 0.717 0.723
Note: Variables with * indicate significance at the 10% level, ** at the 5% level, and *** at the 1% level;
standard errors are in parentheses.
The regression results for the western region are displayed in Table 5. Across Col-
umns 1 to 4, neither the regression coefficient of mobile information infrastructure nor
that of fixed information infrastructure is statistically significant. As for Columns 5 to 6,
the coefficient of mobile information infrastructure remains insignificant, while the coef-
ficient of fixed information infrastructure is -0.038, which is statistically significant at the
10% level. The underlying economic explanations for the widespread insignificant coeffi-
cients may be as follows: the western region has a relatively backward level of information
infrastructure construction, with insufficient coverage and low quality, leading to weak
transmission efficiency of its role in industrial development and thus failing to form a
statistically significant impact.
Table 5. Western Region of China: effect of information infrastructure on industrial structure.
Western Region of China
Variables TE TE TL TL TG TG
(€)] (2) (3) 4) (5) (6)
In Station. 0.028 -0.002 -0.036
it (0.068) (0.010) (0.022)
-0.024 -0.009 -0.038 *
InB i
n Broadband, (0.062) (0.009) (0.020)
In Ped —1.214 *** —-1.262 *** =0.171 *** —0.178 *** —0.248 ** —0.257 **
&b (0.312) (0.313) (0.049) (0.049) (0.104) (0.104)
Urb -0.934 -0.941 -0.213 -0.203 -0.829 ** -0.765 *
(1.194) (1.193) (0.189) (0.189) (0.397) (0.395)
Grlabor 1.185 0.481 -0.070 -0.168 -0.456 -0.563
(3.396) (3.408) (0.539) (0.539) (1.129) (1.128)
Edugao 4152 4.894 * 1.447 *** 1.558 *** -1.500 -1.341
5 (2.775) (2.818) (0.440) (0.445) (0.923) (0.933)
Trade -2.008 *** -1.836 ** -0.584 *** —0.555 *** 0.593 ** 0.648 **
(0.758) (0.775) (0.120) (0.122) (0.252) (0.257)
Constant 14.970 *** 15.810 *** 2.127 *** 2.204 *** 4.527 *** 4.404 ***
(3.161) (3.036) (0.501) (0.480) (1.051) (1.005)
Observations 144 144 144 144 144 144
Number of years 13 13 13 13 13 13
R-squared 0.318 0.318 0.362 0.367 0.503 0.507

Note: Variables with * indicate significance at the 10% level, ** at the 5% level, and *** at the 1% level;

standard errors are in parentheses.
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4.3. Regression Results of the Development Phases of Information Infrastructure

To verify the impact of information infrastructure development on optimization and
upgrading of industrial structure, this study constructs period-specific dummy variables
for 2009-2013 and 2014-2022. The 2009-2013 period corresponds to China’s 3G infor-
mation infrastructure construction era, which improved voice and data transmission
speeds to meet basic mobile internet needs. The 2014-2022 period saw the construction of
4G and 5G networks, delivering higher-speed data capabilities, significantly enhancing
upload/download speeds, and facilitating the growth of mobile payments and short video
applications. Meanwhile, China’s “Broadband China” strategy was launched in 2014, with
broadband infrastructure supporting the development of high-tech industries such as the
Internet of Things (IoT) and cloud computing.

The regression results for 20092013 are presented in Table 6. Columns 1 to 4 examine
information infrastructure’s impact on industrial structure optimization. In Columns 1
and 2, with the deviation degree (TE) as the dependent variable, mobile information in-
frastructure has a regression coefficient of —0.152 significant at the 5% level, while fixed
information infrastructure’s coefficient is -0.170 significant at the 1% level. Columns 3 and
4 use the Theil Index (TL) as the dependent variable: mobile information infrastructure’s
coefficient is statistically insignificant, but fixed information infrastructure’s coefficient of
-0.020 is significant at the 1% level. Columns 5 to 6 focus on industrial structure upgrading,
with the level of industrial structure upgrading (TG) as the dependent variable. Mobile
information infrastructure’s coefficient is —0.153 and fixed information infrastructure’s is
-0.168, both significant at the 1% level.

Table 6. Effect of Information Infrastructure on Industrial Structure (2009-2013).

2009-2013
Variables TE TE TL TL TG TG
(1) (2) 3) 4) (5) (6)
In Station. -0.152 ** -0.018 -0.153 ***
it (0.064) (0.011) (0.055)
-0.170 *** -0.020 ** —-0.168 ***
In Broadband, (0.053) (0.009) (0.045)
In Pgdp —-1.412 *** -1.386 *** -0.205 *** -0.201 *** 0.513 ** 0.535 **
(0.261) (0.254) (0.048) (0.047) (0.224) (0.217)
Urb 1.404 1.567 * 0.104 0.122 1.279 * 1.450 **
(0.888) (0.848) (0.164) (0.158) (0.762) (0.725)
Grlabor 0477 -0.289 -0.086 -0.183 3.321* 2.594
(2.108) (2.098) (0.390) (0.391) (1.809) (1.794)
Edugao -4.552 ** -4.057 ** -0.350 -0.287 -3.637 ** -3.168 *
(1.915) (1.895) (0.354) (0.353) (1.644) (1.620)
Trade -0.175 -0.143 -0.092 ** -0.088 ** -0.328 * -0.298
(0.220) (0.217) (0.040) (0.040) (0.189) (0.186)
18.320 *** 17.310 *** 2.603 *** 2.480 *** -2.736 -3.735*
Constant
(2.308) (2.301) (0.427) (0.429) (1.982) (1.968)
Observations 155 155 155 155 155 155
Number of years 5 5 5 5 5 5
R-squared 0.613 0.625 0.594 0.599 0.289 0.317

Note: Variables with * indicate significance at the 10% level, ** at the 5% level, and *** at the 1% level;

standard errors are in parentheses.

The above results show information infrastructure promoted industrial structure op-
timization but not upgrading during 2009-2013. Economically, this reflects the stage-spe-
cific nature of 3G-era infrastructure, which improved basic information transmission effi-
ciency to reduce cross-sector resource misallocation and boost rationalization. However,
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the period’s traditional sector-dominated industrial base and insufficient integration be-
tween information infrastructure and high-tech industries also prevented qualitative in-
dustrial upgrading.

The regression results for the 2014-2022 period are presented in Table 7. Columns 1
and 2 use the deviation degree (TE) as the dependent variable. The coefficient of mobile
information infrastructure is —0.157 and is significant at the 1% level. The coefficient of
fixed information infrastructure is —0.183 and is also significant at the 1% level. Columns
3 and 4 adopt the Theil Index (TL) as the dependent variable. The coefficient of mobile
information infrastructure is —0.018 and is significant at the 10% level. The coefficient of
fixed information infrastructure is —0.023 and is significant at the 1% level. Columns 5 and
6 use the level of industrial structure upgrading (TG) as the dependent variable. The co-
efficient of mobile information infrastructure is —-0.218 and the coefficient of fixed infor-
mation infrastructure is —0.225, both significant at the 1% level. These results show that
the coefficients for both mobile and fixed information infrastructure are larger in magni-
tude and more significant than those in the 2009-2013 period.

Table 7. Effect of Information Infrastructure on Industrial Structure (2014—2022).

2014-2022
Variables TE TE TL TL TG TG
(1) (2) 3) 4) (5) (6)
In Station. -0.157 *** -0.018 * -0.218 ***
it (0.053) (0.009) (0.068)
-0.183 *** -0.023 *** —0.225 ***
In Broadband, (0.044) (0.008) (0.057)
In Pgdp -0.289 ** -0.283 ** -0.057 ** -0.055 ** 0.695 *** 0.686 ***
(0.145) (0.140) (0.026) (0.025) (0.187) (0.182)
Urb -1.733 *** -1.715 *** -0.388 *** -0.393 *** 2.067 *** 2.199 ***
(0.550) (0.514) (0.099) (0.093) (0.708) (0.667)
Grlabor 3.587 2.337 0.412 0.230 -2.652 -3.878
(2.720) (2.692) (0.492) (0.491) (3.498) (3.493)
Edugao 1.624 2.388 0.591 ** 0.709 *** -1.249 -0.596
(1.502) (1.479) (0.272) (0.270) (1.932) (1.919)
Trade —0.584 *** -0.537 ** -0.137 *** -0.130 *** -0.695 ** -0.651 **
(0.218) (0.214) (0.039) (0.039) (0.281) (0.277)
Constant 7.667 *** 6.923 *** 1.206 *** 1.119 *** -4.507 ** —5.548 ***
(1.441) (1.384) (0.260) (0.252) (1.854) (1.796)
Observations 217 217 217 217 217 217
Number of years 9 9 9 9 9 9
R-squared 0.495 0.518 0.537 0.549 0.319 0.337

Note: Variables with * indicate significance at the 10% level, ** at the 5% level, and *** at the 1% level;

standard errors are in parentheses.

The results indicates that information infrastructure exerted a stronger promoting
effect on industrial structure optimization during 2014-2022. The economic explanation
lies in the widespread deployment of 4G and 5G networks, which improved data trans-
mission speeds and accelerated the diffusion of digital technologies into traditional indus-
tries. In addition, the implementation of China’s “Broadband China” strategy in 2014 ex-
panded infrastructure coverage and quality, strengthened integration with high-tech in-
dustries such as the Internet of Things and cloud computing, and thus enhanced the role
of information infrastructure in driving industrial structure optimization.

4.4. Robustness Test

To verify the reliability of the model estimation results, a robustness test was con-
ducted using the variable replacement method. The number of mobile communication
and fixed communication users were adopted as independent variables to replace the
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number of mobile communication base stations and broadband access ports mentioned
earlier, with the regression results presented in Table 8. Additionally, the business reve-
nues of mobile communication and fixed communication were used as independent var-
iables to substitute for the number of mobile communication base stations and broadband
access ports respectively, and the corresponding regression results are shown in Table 9.
The regression analysis results indicate that different indicators reflecting communication
and information capabilities still yield significant and similar outcomes. Specifically, both
mobile communication information and fixed communication information play a facilitat-
ing role in industrial structure optimization measured by the industrial structure devia-
tion degree and Theil Index, but they fail to enhance the industrial structure upgrading
level.

Table 8. Robustness test—alternative variables: the number of mobile communication and fixed

communication users.

Vari TE TE TL TL TG TG
ariables a) @) B) @) B) )
In mobile users. —0.143 *** -0.014 ** —0.191 ***
it (0.039) (0.007) (0.041)
—0.180 *** —0.021 *** —0.224 ***
In broadband users;; (0.033) (0.006) 0.035)
In Pgdp —0.677 *** —0.618 *** —0.109 *** —0.100 *** 0.550 *** 0.616 ***
(0.131) (0.129) (0.024) (0.024) (0.137) (0.134)
Urb -0.762 -0.962 ** —0.227 *** —0.258 *** 2.034 *** 1.828 ***
(0.469) (0.459) (0.085) (0.084) (0.491) (0.478)
Grlabor 0.431 -0.016 0.015 -0.066 -0.408 -0.804
(1.551) (1.499) (0.279) (0.273) (1.623) (1.561)
Edugao -1.047 -0.173 0.164 0.294 -2.349 * -1.412*
(1.238) (1.220) (0.223) (0.222) (1.296) (1.271)
Trade -0.348 ** -0.303 * —0.111 *** —0.105 *** —0.442 *** —0.403 ***
(0.157) (0.154) (0.029) (0.028) (0.165) (0.160)
Constant 10.91 *** 10.21 *** 1.624 *** 1.545 *** -3.816 ** —4.697 ***
(1.243) (1.219) (0.224) (0.222) (1.301) (1.269)
Observations 372 372 372 372 372 372
R-squared 0.529 0.549 0.548 0.558 0.293 0.331
Note: Variables with * indicate significance at the 10% level, ** at the 5% level, and *** at the 1% level;
standard errors are in parentheses.
Table 9. Robustness test—alternative variables: telecommunications business revenue.
Variables TE TE TL TL TG TG
1) (2) 3) 4) (5) (6)
In mobile service income;, ~0.156 ™ -0.0187 01477
(0.043) (0.008) (0.046)
In broadband service income;, ~0.1677 ~0.0227 ~0.083™
i (0.043) (0.008) (0.046)
In Pgdp -0.614 *** —0.583 *** -0.100 *** —-0.094 *** 0.575 *** 0.522 ***
(0.136) (0.137) (0.024) (0.025) (0.144) (0.148)
Urb -0.880 * -0.647 —0.249 *** —0.226 *** 2.114 *** 2.496 ***
(0.481) (0.460) (0.086) (0.083) (0.512) (0.496)
Grlabor 0.625 0.360 0.007 -0.044 0.408 1.052
(1.540) (1.545) (0.276) (0.277) (1.639) (1.667)
Edugao -1.154 -1.398 0.181 0.167 —=3.123 *** —-3.950 ***
(1.232) (1.220) (0.221) (0.215) (1.311) (1.291)
Trade —0.320 ** -0.269 * -0.107 *** -0.098 *** —0.468 *** —0.505 ***
(0.160) (0.162) (0.029) (0.029) (0.170) (0.175)
11.42 *** 10.97 *** 1.688 *** 1.636 *** -3.380 ** —-3.898 ***
Constant
(1.257) (1.240) (0.226) (0.223) (1.337) (1.338)
Observations 372 372 372 372 372 372
R-squared 0.528 0.531 0.549 0.553 0.268 0.252

https://doi.org/10.3390/su18052228


https://doi.org/10.3390/su18052228

Sustainability 2026, 18, 2228

19 of 23

Note: Variables with * indicate significance at the 10% level, ** at the 5% level, and *** at the 1% level;

standard errors are in parentheses.

A potential bidirectional causality may exist between information infrastructure and
industrial structure changes [42]. To address this endogeneity concern, the instrumental
variable (IV) approach is employed for endogeneity testing [43]. Following the methodol-
ogy for endogeneity tests, the telecom operators’ market share is selected as the instru-
mental variable for the number of mobile communication base stations and the number
of broadband accesses respectively [44,45], with the regression results reported in Table
10. Telecom operators’ market share in China is mainly determined by historical licensing
policies, regional infrastructure layout plans, and early-stage network coverage invest-
ments—factors that are exogenous to the short-term optimization and upgrading of local
industrial structures. Specifically, the approval of telecom operation licenses and the plan-
ning of network construction are dominated by national and provincial regulatory au-
thorities, with little direct correlation to the dynamic changes in regional industrial struc-
ture. This ensures that the IV does not affect the dependent variable through unobserved
confounding factors, satisfying the exclusion restriction. From the regression outputs in
Columns 1, 3, and 5 of Table 10, it can be observed that the instrumental variable is
strongly correlated with the independent variable the number of mobile communication
base stations, and the null hypothesis of “weak instrumental variables” is rejected. Thus,
the telecom operator market share is a valid instrumental variable for the number of mo-
bile communication base stations. For the number of broadband accesses, the p-value of
the instrumental variable is 0.000, which is statistically significant at the 1% level, indicat-
ing a strong correlation between the instrumental variable and this independent variable.
Additionally, the first-stage F-statistic is 30.87, which exceeds the critical value of 10, lead-
ing to the rejection of the null hypothesis of “weak instrumental variables”. Therefore, the
telecom operator market share is also an appropriate instrumental variable for the number
of broadband accesses.

Table 10. Endogeneity test: instrumental variable—telecom operator market share.

] TE TE TL TL TG TG
Variables a @ @) @ &) ©)
I Station ~0.677 ** ~0.084 % —0.377 **
it (0.321) (0.053) (0.288)
~0.436 ** ~0.054 *** ~0.243 %%
In Broadband, (0.181) (0.032) (0.178)
In Pedp ~0.223 ~0.430 ** ~0.050 ~0.076 ** 0.733 *** 0.618 ***
(0.301) (0.195) (0.050) (0.034) (0.270) (0.192)
Ut —3.005 ** ~1.588 ** ~0.515* ~0.340 *** 1161 1.950 ***
(1.401) (0.721) (0.231) (0.126) (1.258) (0.710)
crlabor —4.570 -3.410 —0.644 ~0.500 ~1.804 -1.157
(3.671) (2.801) (0.605) (0.490) (3.296) (2.756)
Edugao 3.784 2562 0.800 0.649 ~0.984 -1.665
(3.389) (2.512) (0.559) (0.439) (3.043) (2.472)
Trade 0.006 ~0.088 ~0.066 —0.077 ** -0.372 ~0.394 %
(0.290) (0.225) (0.048) (0.039) (0.260) (0.221)
Constant 12.95 *#* 9.899 *** 1.880 *** 1.503 *** 2778 % —4.481 %
(1.818) (1.358) (0.300) (0.237) (1.632) (1.336)
Instrumental variable 0.004 0.000 0.004 0.000 0.004 0.000
p-value
First-stage F-statistic 21.4 30.87 21.4 30.87 21.4 30.87
Observations 372 372 372 372 372 372

Note: Variables with * indicate significance at the 10% level, ** at the 5% level, and *** at the 1% level;

standard errors are in parentheses.
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5. Conclusions and Discussion

This study explores the impact mechanism of information infrastructure on indus-
trial structure changes through both theoretical deduction and empirical testing. It con-
cludes that information infrastructure serves as a critical pathway to sustain high-quality
industrial transformation.

By constructing and solving a simplified multi-sector general equilibrium model, this
study reveals the impact mechanism of information infrastructure on the industrial struc-
ture at the theoretical level. Theoretical analysis results indicate three key factors signifi-
cantly impact industrial structure optimization: information infrastructure’s heterogene-
ous influence on factor productivity across industrial sectors, its investment volume, and
the capital factor output elasticity of various sectors. Additionally, the proportion of in-
formation infrastructure investment in total economic and social output, along with dif-
ferences in industrial composition between consumption and investment, constrain in-
dustrial structure upgrading.

On this basis, this study employs provincial panel data from 2009 to 2022 and adopts
a fixed effects model to conduct benchmark regression analysis of various factors. The
robustness test and endogeneity test are passed, further verifying the theoretical conclu-
sions at the empirical level. The results indicate the following: First, in terms of industrial
structure optimization, the development of both mobile information infrastructure and
fixed broadband infrastructure can promote industrial structure optimization, exerting
positive effects on the full flow of production factors among various industrial sectors and
the efficient allocation of resources. Moreover, the impact of fixed information infrastruc-
ture on industrial structure optimization is slightly greater than that of mobile information
infrastructure. Second, regarding industrial structure upgrading, neither mobile infor-
mation infrastructure nor fixed information infrastructure has a significant impact on in-
dustrial structure upgrading. This suggests that current construction and investment in
information infrastructure need further strengthening to support the transition toward a
sustainable, high-value-added, and high-tech industrial structure.

Synthesizing the above conclusions, it can be seen that the construction of infor-
mation infrastructure is an important means to promote the industrial structure optimi-
zation in China, exerting positive effects on the flow of production factors among various
sectors and the efficient allocation of resources. However, its impact on industrial struc-
ture upgrading is not significant. Therefore, it is necessary to strengthen the key support-
ing role of information infrastructure, vigorously promote the in-depth integration of in-
formation infrastructure with industries, and continuously expand application scenarios.
Efforts should be made to enhance the new empowerment of information infrastructure
to traditional and emerging industries, enabling mobile communication technologies and
fixed communication information technologies to be more rapidly integrated into various
industries. For regions with a mature industrial base, the focus should be on leveraging
mobile and fixed information infrastructure to facilitate the integration of emerging tech-
nologies with high-end manufacturing and producer services. For regions with relatively
backward infrastructure, priority should be given to basic fixed broadband and advanced
mobile information infrastructure coverage in key industrial zones, with a focus on sup-
porting the transition of resource-based industries to high-value-added segments, such as
deep processing of mineral resources and green energy technology development.

Additionally, the supporting role of communication technology application indus-
tries should be fully exerted to promote extensive industry collaboration and connection
in relevant vertical industries, construct a cross-industry collaborative communication
technology application ecosystem, and comprehensively improve the ability of infor-
mation infrastructure to empower industrial transformation and upgrading.
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This study also has two limitations: First, the multi-sector General Equilibrium model
has inherent limitations tied to its core assumptions. These assumptions include perfect
competition, no transaction costs, perfect factor mobility, and the absence of household
savings. Such settings deviate from real economic conditions. Specifically, this study as-
sumes perfect inter-sectoral capital mobility. This assumption is inconsistent with the ex-
isting segmentation in China’s factor markets. As a result, the model may overestimate
the efficiency of cross-industry capital allocation. Second, there may be complex influenc-
ing factors between information infrastructure construction and industrial structure
changes. In addition to the variables considered in this study, there are other factors that
exert important impacts on innovative development and industrial structure, such as the
level of marketization, government intervention, and even social and humanistic factors
like cultural differences. Future research should explore these factors more comprehen-
sively to provide a stronger foundation for sustainable industrial development.
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