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Bridging the “digital divide” to benefit from the “digital dividend” reflects the

inclusive development of the digital economy, which a�ects the sustainable

development of the overall economy and society. Based on the di�erent spatial

perspectives of certain regions, city clusters, and cities, this study presents

the “digital divide” and “digital dividend” for the development of China’s digital

economy. A combined entropy method was used to measure the development

of the digital economy in cities of China from 2011 to 2019. The Dagum Gini

coe�cient and its decomposition were used to explore the spatial di�erences

of the digital economy and their sources, while the coe�cient of variation

and the spatial panel model were used to examine the convergence of the

digital economy. Our findings suggest that the development level of the digital

economy in Chinese cities has continuously improved. Second, the spatial

di�erences of the digital economy in the four regions and nine city clusters of

China that were investigated are decreasing, indicating that the “digital divide” is

narrowing and presenting a significant “digital dividend.” The total di�erences

were mainly owing to those between the regions (among the city clusters).

Third, the development of the digital economy in the four regions and nine

city clusters demonstrated characteristics of σ , β, and club convergences.

Finally, the evolution path of the spatial di�erentiation of the digital economy

in cities of China is presented, and the “digital dividend” also demonstrates

di�erent stage characteristics. This study analyzed the spatial di�erences in the

digital economy of cities in China and clarified the convergence and influence

mechanisms of its development at di�erent spatial scales. The findings provide

a basis for the evolution of spatial and temporal patterns of the digital economy

of cities in China and presents policy implications for promoting the regionally

coordinated and sustainable development of the digital economy. Suggestions

from the national and regional levels are more necessary to further narrow

the “digital divide,” create a “digital dividend,” and digital drives sustainable

economic development.
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1 Introduction

The development of digital economy brings many

opportunities and challenges (Allcott et al., 2022), and the

technology gaps shapes global economic outcomes (Sampson,

2023). Sharing the dividends of the digital era is critical for

promoting China’s digital development; that is, bridging the “digital

divide” to promote the “digital dividend” is key for achieving the

national digital development strategy, which can further promote

the inclusive development of the entire social system (Norris and

Conceição, 2004). This would be beneficial for the sustainable

development of all the countries and their population (Liu et al.,

2023). Mankind is undergoing a new round of technological

revolution based on the internet, and the global economy has

entered a new stage of digital economic development, which has

become the focus of national economic development strategies.

With the development of information and communication

technology (ICT), whether China’s digital economic development

will form a more insurmountable “digital divide” or share the

“digital dividend” is under consideration. A “digital divide”

indicates that in the process of informatization, there is a gap

between the individuals in the economic development, application

of information technology, popularization of the informational

infrastructure, and ability to obtain and process information

(Xu et al., 2013), which is mainly reflected in the gap between

regions within a country (Hu and Zhou, 2002). However, if the

convenience of digital technology for individuals with limited

knowledge can effectively reduce the spatial difference of the digital

economy, that is, reduce the “digital divide,” the “digital dividend”

can be demonstrated. There is limited information regarding

whether there is a significant spatial variation in the development

of China’s digital economy, whether the difference is increasing or

decreasing, and the root causes. Considering that China’s digital

economy market is large and the socioeconomic, demographic,

and infrastructure conditions among cities can be very diverse, the

relevant research needs to be explored in depth to the submarkets

in different regions, and the evolution characteristics of the spatial

differences in digital economy development in different submarkets

are different (Wang and Lee, 2022). Therefore, studying the spatial

differences and dynamic evolutionary characteristics of China’s

digital economy is theoretically significant.

This study aims to analyze the spatial differences of China’s

digital economy in order to explore the problems of “digital

divide” and “digital dividend.” The marginal contribution of the

study are as follows. First, this study innovatively puts forward

the differentiation of the evolution path of spatial differences of

digital economy and makes up for the gaps in the theoretical and

empirical analysis of China’s “digital divide” and “digital dividend,”

starting from the different spatial scales of a region, city cluster,

and city. Second, in order to make the evaluation results objective

and reasonable and overcome the problem of single evaluation, the

combined weighting method is adopted to determine the weight

after comprehensive consideration. Third, the spatial differences

in the digital economy of Chinese cities were investigated and

the characteristics of the current stage of the evolution path were

empirically analyzed. Finally, using appropriate spatial econometric

models, the σ , β , and club convergence effects of the digital

economy of Chinese cities were comprehensively analyzed at

different spatial scales, exploring the influencing factors and the

policy path to promote the transformation from a “digital divide”

to the “digital dividend” in China.

2 Literature review

2.1 Research on the concept of digital
economy

The digital economy can be defined by being divided into

broad and narrow attributions. Tapscott (1996) first proposed

the “digital economy” concept in 1996, indicating that the

digital economy is an economic system with the extensive

use of ICT technology. Since then, the Organization for

Economic Cooperation and Development (OECD), the U.S.

Bureau of Economic Analysis (BEA), G20, and China Academy of

Information and Communications Technology have continuously

proposed and enriched the meaning of the digital economy. The

“digital divide,” which was first proposed by the United States in

1995, and the concept of the “digital dividend,” which was formally

proposed by the World Bank in 2016 (World Bank., 2016), have

become critical for achieving the inclusive development of the

digital economy, involving the digital differences between countries

and regions.

2.2 Research on the measurement of digital
economy

Studies have focused on the digital economic measurement.

Scholars believe that the measurement methods of the digital

economy can be divided into three categories: (1) A direct

estimation method (Machlup, 1962; Porat, 1977), in which the

measurement scope and method of value-addition of the digital

economy are not unified, resulting in significant differences in

the measurement results. The details of the measurement are

controversial. (2) Construction of the digital economy satellite

account (DESA), which remains in the continuous improvement

stage and is immature. (3) The establishment of a multidimensional

index system to evaluate the digital economy. Considering the

measurement index system of the digital economy domestically and

internationally, various international organizations, government

agencies, and scholars have proposed different index systems

defining the concept and scope of the digital economy, including

the following: a digital infrastructure focusing on the informational

infrastructure (Wang et al., 2021), digital industrialization as the

foundation of the development of the digital economy, including

the telecommunications industry, software, and information

technology service industry (China Academy of Information

and Communications Technology, 2020). Furthermore, industrial

digitalization is the integration of digital technology and the real

economy, mainly reflected in e-commerce (OECD, 2014), digital

inclusive finance (Zhang et al., 2019; Zhao et al., 2020), and other

aspects. Another study investigated the development environment

of the digital economy (Wang et al., 2021).
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2.3 Research on the spatial di�erences in
the digital economy

Relevant studies mostly focus on the impact of digital economy,

such as the impact of digital economy on employment (Jetha

et al., 2023), the significant promotion of industrial intelligence

to the green transformation of businesses (Xu et al., 2023), and

the significant improvement effect of digital economy on ESG

performance (Chen et al., 2022; Kwilinski et al., 2023). Studies

exploring the spatial differences in the digital economy and

the “digital divide” have been limited. Wang (2005) considered

the internet as an example and proposed that there was an

apparent “digital divide” between China’s geographical regions,

demonstrating large differences. The development of China’s digital

economy is characterized by regional heterogeneity and spatial

imbalances (Liu et al., 2020; Han et al., 2021; Wang et al., 2021;

Luo and Zhou, 2022). China’s provincial digital economy has a

high probability of upward transfer, and has great potential for

development (Luo and Zhou, 2022). Kartiasih et al. (2023) revealed

the spatial inequalities in the digital development of households

and individuals at 460 districts/cities in Indonesia, with significant

regional digital divide, however, narrowing from 2015 to 2019,

indicating that Indonesian regions are becoming more digitally

convergent. Lucendo-Monedero et al. (2019) proposed the spatial

inequalities of households and individuals in digital development

in Europe at the regional level, i.e., the digital divide. Nishida et al.

(2014) pointed out that there is a geographic digital divide in Japan,

and more needs to be done to bridge the internal digital divide

for the substantial digital inequities. With regard to the factors

influencing spatial differences in the digital economy and the

“digital divide,” Myovella et al. (2021) analyzed the determinants

for digital divide in Sub-Saharan Africa (SSA), including GDP per

capita, gross capital formation, political stability, regulatory efficacy

and electricity infrastructure. Through their present research on the

digital divide in the U.S., Pick et al. (2015) argues that the major

variable groups associated with higher ICT levels are social capital,

societal openness and ethnicity. The spatial differentiation of

China’s provincial digital economy was caused by the interaction of

multiple factors, led by economic conditions and R&D expenditure

(Luo and Zhou, 2022).

Although existing studies on the digital economy have

progressed, the research objects, content, and methods can be

further explored. Most existing studies measure the development

level of the digital economy at a national or provincial scale,

whereas there are insufficient studies focusing on cities. There is

a significant spatial relationship between technological innovation

and economic development quality in city clusters (Liu et al.,

2022). As a new source, studying the digital economy of city

clusters is highly significant. Regarding the research methods and

content, first, there is still a gap in the theoretical and empirical

analysis of China’s regional “digital divide” and “digital dividend.”

Second, as for the measurement methods of digital economy, the

determination methods of the index weight include subjective and

objective weighting methods, and principal component analysis

method (Zhao et al., 2020) and entropy method (Wang et al.,

2021) are mostly used, which have the defect of a single method.

Third, the studies on the spatial differences and evolution of

the digital economy of cities remain limited. The commonly

used decomposition measures of the Theil index present errors

in the spatial differences (Dagum, 1997). To address the non-

consideration of the overlapping parts among different regions

using other indices, the Dagum Gini coefficient fully identifies the

contribution of inter-regional disparities to the overall regional

disparities by identifying the hypervariable density (Cheng, 2020).

Finally, studies on the convergence effect of the digital economy of

cities are lacking; this needs more focus. The spatial econometric

model introduces spatial factors based on the conventional

econometric model and considers the influence of the spatial

correlation on the development of the digital economy. Thus, the

model is closer to the objective facts.

3 Research methods and data

3.1 Measurement of the digital economy by
city

3.1.1 Index selection
Based on the measurement index system of the domestic and

international digital economy, as well as on the core content

of the digital economy, this study refers to the research by

Zhao et al. (2020), and Chen et al. (2022), and combines

the availability of relevant data at the city level to measure

the comprehensive development of the digital economy in two

dimensions: the development of the internet and digital financial

inclusion. First, the dimension of internet development includes

the digital infrastructure and related industries. It adopts the

following four indicators: mobile phone penetration rate, internet

penetration rate, output of related industries, and employment of

related industries, which indicate the number of mobile phone

users per 100 individuals, number of internet broadband access

users per 100 individuals, per capita telecom service income, and

proportion of computer service and software employees in the city

units, respectively. Second, the development dimension of digital

finance reflects the integration of digital industries and adopts the

China Digital Inclusive Finance Index.

3.1.2 Measurement method
A combined weighting method was adopted to determine the

weight; specifically, the entropy method of the objective weighting

method was used to weigh the specific evaluation indicators of

each dimension. The weight was calculated using the entropy value,

that is, the degree of variation of each indicator. The improved

entropy weight method proposed by Yang and Sun (2015) was used

to add the time variable. Subsequently, the two aforementioned

dimensions (the internet development and digital finance) were

equally weighted. The development level of the digital economy in

Chinese cities from 2011 to 2019 was then measured and analyzed.

3.1.3 Data source and description
The original data were obtained from the China City Statistical

Yearbook, Peking University Digital Inclusive Financial Index

(Guo et al., 2020), statistical yearbooks and bulletins of certain
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prefecture-level cities, and the CEIC database. The research objects

of this study included 281 prefecture-level and above cities. At

the regional level, the research participants were from the eastern,

central, western, and northeastern regions. Considering the city-

cluster level, the following nine representative city clusters were

selected: Beijing–Tianjin–Hebei, Yangtze River Delta, Pearl River

Delta, middle reaches of the Yangtze River, Chengdu–Chongqing,

Guanzhong Plain, Harbin–Changchun, Central Plain, and the

Beibu Gulf. The study period ranged from 2011 to 2019. For the

price index of the telecom business revenue, to eliminate the impact

of inflation, this study deflated the GDP index of the prefecture-

level cities using 2011 as the base period.

3.2 Gini coe�cient and its decomposition

In this study, the DagumGini coefficient and its decomposition

was used to analyze the spatial differences and sources in the digital

economy of Chinese cities (Dagum, 1997). The Equation (1) for

calculating the Dagum Gini coefficient is as follows:

G =

k
∑

j=1

k
∑

h=1

nj
∑

i=1

nh
∑

r=1

∣

∣yji − yhr
∣

∣/2n2y, (1)

where G denotes the overall Gini coefficient, n is the number

of cities, k is the number of subgroups, nj(nh) is the number of

cities in j
(

h
)

, j
(

h
)

is the subscript of the city clusters, and i (r) is

the subscript of the cities. yji(yhr) represents the digital economy

measurement value of city i (r) in subgroup j
(

h
)

and y represents

the mean value of the digital economy of all the cities. A larger

value of the Dagum Gini coefficient indicates a more unbalanced

development of the digital economy.

The Dagum Gini coefficient can be decomposed into the

sum of the contribution of the intra-regional differences, the net

contribution of the inter-regional differences, and the contribution

of the hypervariable density.

3.3 Convergence models

3.3.1 σ convergence
The σ convergence level reflects the process by which the

dispersion of the development of the digital economy of different

regions decreases overtime. The commonly used coefficient of

variation reflects the relative differences. Therefore, this study

used the coefficient of variation to test the σ convergence. The

Equation (2) used is as follows:

CV =

√

[

∑nj
i

(

yji − yj

)2
]

/nj

yj
(2)

Here, CV is the coefficient of variation and the remaining

variables are the same as in Equation (1); namely, yji indicates the

development level of the digital economy of the subgroup j and city

i, yj is the mean value of the digital economy of subgroup j, and nj
represents the number of cities in subgroup j.

3.3.2 β convergence
The β convergence is a necessary but insufficient condition

for the σ convergence; β refers to the rate convergence, which

includes the absolute and conditional β convergences. The absolute

β convergence indicates that cities with low initial levels of digital

economic development have higher growth rates than those with

high levels of digital economic development. The conditional

β convergence refers to the phenomenon between cities after

controlling a series of other influencing factors. According to Barro

and Sala-I-Martin (1991), the absolute convergence model can be

set by obtaining the annual growth rate of a city’s digital economy

as the dependent variable, as shown in Equation (3):

ln

(

yi,t+1

yi,t

)

= α + βlnyi,t + µi + ηt + εit (3)

Here, yi,t and yi,t+1 represent the development level of the digital

economy for periods t and t + 1, respectively, of subgroup i;

µi, ηt , and εit indicate the fixed spatial effects, fixed time effects,

and interference terms, respectively. β represents the convergence

coefficient. If β < 0 statistically significant, it indicates a converging

trend for the digital economy of Chinese cities; if β > 0 statistically

significant, it indicates a diverging trend. The speed of convergence

(divergence) is indicated by s = −ln (1− |β|) /T during the

investigating period T; the half-life cycle is approximately indicated

by τ = ln (2)/s, and the unit is in years (Lv et al., 2020).

The development of digital economy is affected by geographical

location, and spatial analysis is necessary (Pick and Nishida, 2015;

Lucendo-Monedero et al., 2019; Setthasuravich and Kato, 2022).

Owing to the increasing interaction effect between cities, it is

necessary to introduce the spatial effect into the conventional

convergence model to construct the β convergence. A non-spatial

panel model was used to construct robust LM statistics for the

spatial autocorrelation test. If a spatial correlation is evident, a

spatial econometric analysis should be conducted and appropriate

spatial econometric models should be selected; namely, the spatial

lag model (SAR), spatial error model (SEM), and spatial Durbin

model (SDM), as shown in Equations (4–6), respectively. Else, the

conventional convergence model is selected and the least squares

estimation method (OLS) is used for estimation.

ln

(

yi,t+1

yi,t

)

= α + β ln yi,t + ρ

n
∑

j=1

wij ln

(

yj,t+1

yj,t

)

+ µi + ηt + εit , (4)

ln

(

yi,t+1

yi,t

)

= α + β ln yi,t + µi + ηt + εit

where εit = λ

n
∑

j=1

wijεjt + σit , (5)

ln

(

yi,t+1

yi,t

)

= α + β ln yi,t + ρ

n
∑

j=1

wij ln

(

yj,t+1

yj,t

)

+ θ

n
∑

j=1

wij ln yj,t + µi + ηt + εit , (6)

where, wij represents the row i and column j elements of the

spatial weight matrix W. In this study, a spatial weight matrix for

the geographical distance was used, which decays as the distance
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increases. ρ is the spatial lag coefficient, λ is the spatial error

coefficient, θ is the influence of the spatial lag value of the digital

economy in the base period on the explained variable, and the other

variables are the same as those indicated in Equation (3).

The conditional β convergence model introduces control

variables based on the absolute β convergence model, as shown in

Equation (7):

ln

(

yi,t+1

yi,t

)

= α + β ln yi,t + δ ln Xi,t + µi + ηt + εit . (7)

Three spatial econometric models were used to construct the

conditional β convergence models, as shown in Equations (8–10).

ln

(

yi,t+1

yi,t

)

= α + β ln yi,t + ρ

n
∑

j=1

wij ln

(

yj,t+1

yj,t

)

+ δ ln Xi,t + µi + ηt + εit , (8)

ln

(

yi,t+1

yi,t

)

= α + β ln yi,t + δ ln Xi,t + µi + ηt + εit

Of which, εit = λ

n
∑

j=1

wijεjt + σit (9)

ln

(

yi,t+1

yi,t

)

= α + β ln yi,t + ρ

n
∑

j=1

wij ln

(

yj,t+1

yj,t

)

+ θ

n
∑

j=1

wij ln yj,t + δ ln Xi,t + γ

n
∑

j=1

wij ln Xj,t

+ µi + ηt + εit , (10)

where Xi,t is the vector of the control variables, γ is the influence

of the spatial lag value of the control variables on the explained

variables, and the other variables are the same as those indicated in

Equations (4–6). In this study, the following four control variables,

indicated byXi,t , were selected based onQin and Zhang (2009), Jiao

and Sun (2021), and Myovella et al. (2021): (1) Industrial structure

upgrading (IND), which is measured by the ratio of the output

value of the tertiary and secondary industries. (2) Marketization

level (MAR), which is represented by the ratio of the local fiscal

expenditure to the GDP (negatively correlated with the level of

marketization). (3) Human capital (SCH), which is expressed as

the number of students enrolled in regular institutions of higher

education per 10,000 individuals. (4) The economic development

level (GDP), which is expressed as the per capita GDP, deflated by

the GDP index of the prefecture-level cities, considering 2011 as the

base period.

3.3.3 Club convergence
Club convergence refers to the convergence of the economic

growth of a group of regions to the same steady-state; these

regions are similar in terms of the initial conditions and

structural characteristics considering economic growth (Barro

and Sala-I-Martin, 1991). Regarding the structural and diversified

characteristics of the cluster system of Chinese cities, we classify the

market into three submarkets for further analysis, that is, the nine

city clusters were divided into the following categories based on the

study of Yu et al. (2021) to test the club convergence: the first tier

consisted of the highest level of national city clusters, including the

Yangtze River Delta, Pearl River Delta, and Beijing–Tianjin–Hebei

city clusters. The second tier consisted of the higher-level regional

city clusters, including the middle reaches of the Yangtze River

and Chengdu–Chongqing city clusters. The third tier consisted of

the regional city clusters at the general level, including the Central

Plain, Harbin–Changchun, Guanzhong Plain, and the Beibu Gulf

city clusters.

4 Spatial di�erences and
decomposition of the digital economy
in Chinese cities

The comprehensive scores of the development of the digital

economy in Chinese cities from 2011 to 2019 has continuously

improved. A sustainable development was achieved at a higher

level, reflecting the high-quality development of the digital

economy in Chinese cities. However, significant spatial differences

were determined in the development level of the digital economy in

the Chinese cities.

4.1 Four major regions

The specific calculation results for the Dagum Gini coefficient,

which indicates the differences in the development level of the

digital economy in China’s four regions from 2011 to 2019, are

presented in Table 1.

4.1.1 Intra-regional di�erences
Considering the mean values, the regional difference of the

digital economy in the eastern region is the largest with a mean

value of 0.13, indicating an unbalanced development and a large

“digital divide,” which stems from the polarization of Shenzhen,

Beijing, Guangzhou, and other cities in the eastern region. Next

is the western and northeastern regions, with mean values of

0.11 and 0.08, respectively. The difference in the central region

is the smallest with a mean value of 0.07, indicating that the

development of the digital economy in this region is relatively

balanced, and the “digital divide” is the smallest. Considering the

changing trends, the differences within each region demonstrated

a decreasing trend. Despite the differences within certain regions

marginally increasing after 2017, the overall decreasing trend is not

affected, reflecting a reduction in the “digital divide” within each

region and demonstrating the significant “digital dividend.” The

intra-regional disparity in the western region decreased the fastest,

with an average annual rate of 15.90%. This was followed by the

northeast and central regions. The decreasing speed of the intra-

regional differences in the eastern region was relatively slower than

that of the other regions.

4.1.2 Inter-regional di�erences
Considering the mean values, the difference in the digital

economies of the eastern and western regions is themost significant

with a mean value of 0.15, which indicates that the largest
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TABLE 1 Analysis of the di�erences in the development levels of the digital economy in four major regions of China from 2011 to 2019.

Regions 2011 2012 2013 2014 2015 2016 2017 2018 2019 Mean

Intra-regional

differences

East 0.2424 0.1737 0.1392 0.1352 0.1134 0.0937 0.0853 0.0866 0.0833 0.1281

Central 0.1784 0.1023 0.0727 0.0701 0.0560 0.0488 0.0425 0.0445 0.0488 0.0738

West 0.2660 0.1519 0.1160 0.0969 0.0777 0.0700 0.0636 0.0639 0.0666 0.1081

Northeast 0.1883 0.0905 0.0880 0.0641 0.0568 0.0519 0.0437 0.0479 0.0493 0.0756

Inter-regional

differences

East and Central 0.3010 0.1891 0.1446 0.1319 0.1123 0.0926 0.0862 0.0863 0.0836 0.1364

East and West 0.3172 0.2075 0.1685 0.1462 0.1250 0.1091 0.0979 0.1013 0.1011 0.1526

East and Northeast 0.2575 0.1698 0.1447 0.1226 0.1062 0.0919 0.0881 0.0971 0.0984 0.1307

Central and West 0.2289 0.1311 0.0997 0.0859 0.0697 0.0633 0.0568 0.0579 0.0630 0.0951

Central and Northeast 0.1978 0.1006 0.0817 0.0693 0.0575 0.0506 0.0435 0.0488 0.0538 0.0782

West and Northeast 0.2364 0.1299 0.1068 0.0873 0.0721 0.0649 0.0562 0.0568 0.0589 0.0966

Overall difference

and its

decomposition

Overall difference 0.2611 0.1606 0.1264 0.1112 0.0932 0.0804 0.0728 0.0751 0.0762 0.1174

Intra-regional 0.0635 0.0397 0.0306 0.0279 0.0229 0.0196 0.0176 0.0180 0.0183 0.0287

Contribution rate (%) 24.3064 24.6949 24.2184 25.1101 24.5710 24.3842 24.2116 24.0078 24.0024 24.3897

Inter-regional 0.1223 0.0738 0.0589 0.0476 0.0428 0.0368 0.0328 0.0361 0.0366 0.0542

Contribution rate (%) 46.8324 45.9608 46.5561 42.8256 45.9187 45.8354 45.0958 48.0688 47.9928 46.1207

Hypervariable density 0.0753 0.0471 0.0369 0.0357 0.0275 0.0239 0.0224 0.0210 0.0213 0.0346

Contribution rate (%) 28.8612 29.3443 29.2254 32.0643 29.5103 29.7804 30.6926 27.9234 28.0048 29.4896
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“digital divide” is between the eastern and western regions. This is

followed by the difference between the eastern and central regions,

and that between the eastern and northeast regions, with mean

values of 0.14 and 0.13, respectively. The difference in the digital

economy between the central and western regions and between the

western and northeast regions is relatively small, with a mean of

approximately 0.10. The difference in the digital economy between

the central and northeast regions is the smallest, with a mean value

of 0.08, indicating that the “digital divide” between the central and

northeast regions is the smallest. The differences among all the

regions demonstrate a decreasing trend. However, after 2017, the

differences between certain regions marginally increased, which

did not affect the overall decreasing trend, reflecting a reduction

in the “digital divide” among all the regions and demonstrating

the significant “digital dividend.” The gap between the western

and northeastern regions decreased the fastest, with an average

annual growth rate of 15.94%. The decreasing speed between the

eastern and northeastern regions was slower than that between the

other regions.

4.1.3 Overall di�erence and its decomposition
During the study period, the overall difference of the digital

economy in Chinese cities demonstrated a decreasing trend from

0.26 in 2011 to 0.08 in 2019, with an average annual decrease

of 14.27%. The effect was significant, reflecting a reduction of

the overall “digital divide” in China and demonstrating the

significant “digital dividend.” After 2017, the overall gapmarginally

increased but did not affect the overall decreasing trend. The

annual average contribution rates of the intra-regional, inter-

regional, and hypervariable density were 24.39%, 46.12%, and

29.49% during the study period, respectively. The contribution rate

of the hypervariable density of the digital economy was higher

than that of the intra-regional difference, and its contribution to

the overall difference was greater. The coefficients of the intra-

regional, inter-regional, and hypervariable densities demonstrated

a downward trend. The contribution rates of the inter-regional

differences fluctuated between 42.83 and 48.07%, and marginally

increased at the end of the study compared to the beginning.

The contribution rates of the intra-regional differences ranged

from 24.00 to 25.11%, demonstrating a downward trend. The

contribution rate of the hypervariable density fluctuated between

27.92 and 32.06% and decreased slightly at the end of the study

compared to that at the beginning.

4.2 Nine major city clusters

For the analysis of the difference in the development level of

the digital economy in China’s nine city clusters from 2011 to 2019,

the calculation results of the Dagum-Gini coefficient are shown in

Table 2.

4.2.1 Di�erences within city clusters
Based on the mean values, the Pearl River Delta and Beijing–

Tianjin–Hebei city clusters demonstrated larger differences within

the city clusters with mean values of 0.13 and 0.12, respectively,

indicating that the digital economy is unbalanced and that

there is a large “digital divide” owing to the polarized status of

Shenzhen, Beijing, and other cities in the respective city clusters.

The differences within the city clusters of the Central Plain,

middle reaches of the Yangtze River, and Chengdu–Chongqing are

relatively small, indicating a small “digital divide.” The internal

difference within each city cluster exhibits a decreasing trend,

reflecting the reduction of the “digital divide” in each city cluster,

and demonstrating the significant “digital dividend.” The internal

differences of the Harbin–Changchun and Central Plain city

clusters have recently increased marginally, but this does not affect

the overall decreasing trend. The within-city disparities in the

Guanzhong Plain and Beibu Gulf decreased rapidly, with average

annual rates of 17.61 and 15.15%, respectively. The decreasing

speed of the disparities within the Yangtze River Delta city cluster

is slower than that in other regions.

4.2.2 Di�erences among city clusters
Based on the mean values regarding the digital economy, the

differences between the Pearl River Delta and Central Plain, Pearl

River Delta and Guanzhong Plain, Pearl River Delta and Chengdu–

Chongqing city clusters are larger, with mean values of 0.30, 0.29,

and 0.28, respectively, reflecting significant differences between the

Pearl River Delta, as a relatively mature city cluster, and other

developing city clusters, indicating a large “digital divide” among

these city clusters. There is a relatively small difference in the digital

economy between Chengdu–Chongqing and the Central Plain, the

middle reaches of the Yangtze River and Chengdu–Chongqing,

and the middle reaches of the Yangtze River and the Central

Plain, which indicates that the “digital divide” is small between

these developing city clusters. The differences among the nine city

clusters all present a decreasing trend, reflecting the reduction

of the “digital divide” among the city clusters, demonstrating the

significant “digital dividend.” Among these, the differences between

the Yangtze River Delta and Chengdu–Chongqing, as well as the

middle reaches of the Yangtze River and the Central Plain, have

recently increased marginally, but have not affected the overall

decreasing trend. The gap between the Central Plain and Beibu

Gulf decreased the fastest, with an annual average of 17.33%. The

decreasing speed between the Beijing–Tianjin–Hebei and Yangtze

River Delta clusters and between the Yangtze River Delta and

Harbin–Changchun city clusters is relatively slow.

4.2.3 Overall di�erence and its decomposition
During the study period, the overall difference of the digital

economy in the city clusters demonstrated a decreasing trend

from 0.28 in 2011 to 0.08 in 2019, with an average annual

decrease of 14.29%, which indicated a significant effect reflecting

the reduction of the overall “digital divide” in the city clusters

and demonstrating the significant “digital dividend.” Regarding

the sources of difference, the annual average contribution rates

of the intra-urban agglomeration, inter-urban agglomeration, and

hypervariable density during the study period were 9.05%, 66.51%,

and 24.43%, respectively. The difference among city clusters

was the main source of the overall difference in the digital

economy. The contribution rate of the hypervariable density of
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TABLE 2 Analysis of the di�erences in the development level of the digital economy in nine city clusters of China from 2011 to 2019.

City clusters 2011 2012 2013 2014 2015 2016 2017 2018 2019 Mean

Differences within

city clusters

Beijing–Tianjin–Hebei 0.2175 0.1599 0.1254 0.1290 0.1237 0.1046 0.0872 0.0836 0.0822 0.1237

Yangtze River Delta 0.1680 0.1220 0.1123 0.0951 0.0870 0.0753 0.0722 0.0723 0.0712 0.0973

Pearl River Delta 0.2297 0.1940 0.1542 0.1415 0.1170 0.0955 0.0840 0.0831 0.0755 0.1305

Middle reaches of the

Yangtze River

0.1647 0.0952 0.0726 0.0699 0.0566 0.0533 0.0484 0.0495 0.0496 0.0733

Chengdu–Chongqing 0.1603 0.1071 0.0832 0.0759 0.0633 0.0506 0.0490 0.0483 0.0491 0.0763

Guanzhong Plain 0.2322 0.1478 0.1330 0.0751 0.0684 0.0713 0.0569 0.0515 0.0493 0.0984

Harbin–Changchun 0.1905 0.0960 0.1100 0.0631 0.0623 0.0556 0.0518 0.0537 0.0553 0.0820

Central Plain 0.1773 0.0770 0.0577 0.0629 0.0501 0.0460 0.0364 0.0387 0.0498 0.0662

Beibu Gulf 0.2225 0.1394 0.1042 0.1023 0.0824 0.0713 0.0712 0.0600 0.0598 0.1015

Differences among

city clusters

① and ② 0.2271 0.1692 0.1350 0.1326 0.1215 0.1052 0.0922 0.0963 0.0957 0.1305

① and ③ 0.4069 0.3187 0.2449 0.2287 0.1925 0.1650 0.1392 0.1445 0.1334 0.2193

① and ④ 0.2439 0.1470 0.1163 0.1101 0.1034 0.0881 0.0781 0.0726 0.0712 0.1145

① and ⑤ 0.2400 0.1520 0.1349 0.1250 0.1134 0.0947 0.0827 0.0796 0.0813 0.1226

① and ⑥ 0.2954 0.2057 0.1723 0.1296 0.1197 0.1060 0.0928 0.0859 0.0800 0.1430

① and ⑦ 0.2289 0.1463 0.1295 0.1061 0.1022 0.0873 0.0808 0.0806 0.0822 0.1160

① and ⑧ 0.3060 0.1887 0.1376 0.1281 0.1153 0.0910 0.0817 0.0753 0.0749 0.1332

① and ⑨ 0.2377 0.1621 0.1310 0.1276 0.1124 0.0969 0.0867 0.0767 0.0772 0.1232

② and ③ 0.3292 0.2482 0.1974 0.1700 0.1442 0.1170 0.1024 0.0999 0.0895 0.1664

② and ④ 0.2922 0.1830 0.1465 0.1333 0.1176 0.1017 0.0992 0.0993 0.0986 0.1412

② and ⑤ 0.2882 0.1857 0.1704 0.1596 0.1356 0.1168 0.1078 0.1153 0.1194 0.1554

② and ⑥ 0.3400 0.2494 0.2075 0.1677 0.1435 0.1252 0.1195 0.1236 0.1170 0.1770

② and ⑦ 0.2586 0.1803 0.1498 0.1243 0.1099 0.0982 0.1016 0.1117 0.1165 0.1390

② and ⑧ 0.3697 0.2486 0.1830 0.1706 0.1435 0.1127 0.1110 0.1136 0.1094 0.1736

② and ⑨ 0.2466 0.1767 0.1540 0.1453 0.1201 0.1060 0.1005 0.0997 0.1025 0.1390

③ and ④ 0.5258 0.3750 0.2935 0.2619 0.2247 0.1865 0.1659 0.1629 0.1483 0.2605

(Continued)
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TABLE 2 (Continued)

City clusters 2011 2012 2013 2014 2015 2016 2017 2018 2019 Mean

③ and ⑤ 0.5240 0.3782 0.3194 0.2891 0.2422 0.2027 0.1754 0.1812 0.1724 0.2761

③ and ⑥ 0.5578 0.4266 0.3405 0.2941 0.2492 0.2087 0.1870 0.1888 0.1686 0.2912

③ and ⑦ 0.4882 0.3756 0.2886 0.2537 0.2134 0.1815 0.1700 0.1788 0.1700 0.2578

③ and ⑧ 0.5972 0.4440 0.3372 0.3046 0.2556 0.2018 0.1826 0.1817 0.1602 0.2961

③ and ⑨ 0.4584 0.3531 0.2942 0.2682 0.2200 0.1863 0.1617 0.1617 0.1520 0.2506

④ and ⑤ 0.1636 0.1033 0.0837 0.0788 0.0638 0.0552 0.0501 0.0525 0.0547 0.0784

④ and ⑥ 0.2078 0.1421 0.1218 0.0830 0.0692 0.0673 0.0576 0.0582 0.0543 0.0957

④ and ⑦ 0.1904 0.1006 0.0974 0.0694 0.0628 0.0566 0.0526 0.0560 0.0578 0.0826

④ and ⑧ 0.1895 0.1111 0.0763 0.0777 0.0609 0.0519 0.0450 0.0475 0.0512 0.0790

④ and ⑨ 0.2184 0.1260 0.0937 0.0912 0.0726 0.0650 0.0638 0.0561 0.0565 0.0937

⑤ and ⑥ 0.2063 0.1463 0.1165 0.0782 0.0673 0.0637 0.0553 0.0516 0.0502 0.0928

⑤ and ⑦ 0.1861 0.1048 0.1054 0.0810 0.0710 0.0590 0.0525 0.0544 0.0544 0.0854

⑤ and ⑧ 0.1882 0.1152 0.0738 0.0714 0.0582 0.0489 0.0437 0.0441 0.0516 0.0772

⑤ and ⑨ 0.2146 0.1289 0.0985 0.0945 0.0776 0.0665 0.0646 0.0583 0.0586 0.0958

⑥ and ⑦ 0.2329 0.1453 0.1389 0.0872 0.0774 0.0710 0.0587 0.0578 0.0562 0.1028

⑥ and ⑧ 0.2141 0.1191 0.1041 0.0714 0.0604 0.0614 0.0485 0.0470 0.0515 0.0864

⑥ and ⑨ 0.2632 0.1714 0.1335 0.0998 0.0829 0.0757 0.0698 0.0630 0.0594 0.1132

⑦ and ⑧ 0.2261 0.1144 0.1022 0.0804 0.0692 0.0551 0.0477 0.0503 0.0560 0.0890

⑦ and ⑨ 0.2162 0.1282 0.1102 0.0891 0.0752 0.0663 0.0637 0.0607 0.0605 0.0967

⑧ and ⑨ 0.2626 0.1459 0.0948 0.0931 0.0756 0.0627 0.0608 0.0536 0.0573 0.1007

Overall difference

and its

decomposition

Overall difference 0.2801 0.1803 0.1415 0.1252 0.1060 0.0897 0.0820 0.0823 0.0816 0.1298

Within city clusters 0.0235 0.0149 0.0124 0.0112 0.0096 0.0085 0.0077 0.0077 0.0081 0.0115

Contribution rate (%) 8.3915 8.2530 8.7316 8.9295 9.0380 9.4958 9.3709 9.3838 9.8767 9.0523

Between city clusters 0.1994 0.1289 0.0955 0.0855 0.0709 0.0555 0.0525 0.0536 0.0508 0.0881

Contribution rate (%) 71.1988 71.4872 67.5133 68.3036 66.8930 61.8379 63.9906 65.1185 62.2714 66.5127

Hypervariable density 0.0572 0.0365 0.0336 0.0285 0.0255 0.0257 0.0218 0.0210 0.0227 0.0303

Contribution rate (%) 20.4096 20.2598 23.7551 22.7668 24.0690 28.6663 26.6385 25.4978 27.8519 24.4350

①–Beijing–Tianjin–Hebei—②–Yangtze River Delta—③–Pearl River Delta—④–Middle reaches of the Yangtze River, ⑤—Chengdu–Chongqing, ⑥—Guanzhong Plain, ⑦—Harbin–Changchun, ⑧—Central Plain, ⑨—Beibu Gulf.
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the digital economy was higher than that of the difference within

the city clusters, and its contribution to the overall difference

was larger. The coefficients of intra-urban agglomeration, inter-

urban agglomeration and hypervariable density demonstrate a

downward trend; in particular, the coefficient between the city

clusters decreases significantly. The contribution rates of the

differences between the city clusters ranged from 61.84 to 71.49%,

demonstrating a downward trend during the study period. The

contribution rate of the differences within the city clusters

ranged from 8.25 to 9.88%, demonstrating an upward trend. The

contribution rate of the hypervariable density ranged from 20.26

to 28.67%, demonstrating an increasing trend and indicating a

significant overlapping phenomenon in the city clusters.

5 Analysis of convergence e�ects of
the digital economy in Chinese cities

5.1 σ convergence

The σ convergence calculation method indicates that the σ

convergence of the development of the digital economy of Chinese

cities from 2011 to 2019 is based on the coefficient of variation

(CV), the results of which are shown in Table 3.

The σ convergence coefficients of the national and four major

regions demonstrate a downward trend. Despite the σ convergence

coefficients of certain regions increasing marginally after 2017, it

does not affect the overall downward trend. The average annual

decline rate of the overall σ convergence coefficient in China

was 14.79%, and that of the western region was 15.45%, which

indicates the fastest conversion. Compared to other regions, the

σ convergence coefficient of the eastern region had the slowest

annual decline rate. Meanwhile, the σ convergence coefficients of

the overall city clusters and that of each city cluster demonstrated a

downward trend, among which the σ convergence coefficients of

the Harbin–Changchun and Central Plain city clusters increased

marginally after 2017 but did not affect the overall downward

trend. The average annual decline rate of the overall σ convergence

coefficient of the city clusters was 15.19%, of which the average

annual decline rate of the σ convergence coefficient of the

Guanzhong Plain was the fastest at 17.07%. Compared to other

regions, the Yangtze River Delta demonstrated the slowest annual

decline rate of the σ convergence coefficient at only 9.84%. In

summary, the overall digital economy of the four regions and

nine city clusters presented a significant σ convergence from

2011 to 2019, reflecting a reduction of the “digital divide” within

each region and city cluster and demonstrating the significant

“digital dividend,” which is consistent with the conclusions

of the Dagum-Gini coefficient spatial difference analysis in

Section 4.

5.2 β convergence

Prior to the β convergence test, the Moran’s I method was used

to test the spatial autocorrelation of the development of the digital

economy in cities of China. From 2011 to 2019, the Moran’s I

statistics method applied to the digital economy of Chinese cities

were all positive and passed the significance test of a 1% spatial

autocorrelation. This indicates that the development of the digital

economy of cities in China demonstrates a significant positive

spatial autocorrelation, that is, the high-value areas or low-value

areas demonstrate characteristics of agglomeration.

5.2.1 Absolute β convergence
As shown in Table 4, a panel fixed-effect model was used

in this study to test the absolute β convergence mechanism

of the digital economy of the four regional cities. The spatial

error coefficient (λ) of the national, eastern, and central regions

is significantly positive at the 1% level, indicating a significant

positive correlation between the national, eastern, and central

regions of the digital economy and a strong interaction effect

between cities in the region. The β convergence coefficients of the

entire country and the four regions are significantly negative at

the 1% level, indicating the presence of absolute β convergence

characteristics, implying that the cities in the entire country and

the four regions benefit from the “digital dividend.” Specifically,

the overall β convergence rate of the country is 12.40%, and

the corresponding half-life cycle is 5.59 years, which indicates

that it requires approximately 5.59 years to reduce the half gap

between the digital economy and the steady state level of the

cities in China. There are significant differences in the convergence

speed of the four regions. The convergence speed of the northeast

region is the fastest, with a convergence speed and corresponding

half-life cycle of 17.18% and 4.03 years, respectively, whereas the

convergence speed of the eastern region is the slowest, with a

convergence speed and corresponding half-life cycle of 7.73% and

8.96 years, respectively.

As shown in Table 5, the panel fixed-effect model was also

used to test the absolute β convergence mechanism of the digital

economy of the nine city clusters. The β convergence coefficients

of the overall city cluster and the nine city clusters are significantly

negative at the 1% level, implying that the cities in each cluster

are benefitting from the “digital dividend.” Specifically, the overall

β convergence speed of the city clusters is 11.74%, and the

corresponding half-life cycle is 5.90 years, which indicates that

it requires approximately 5.90 years to reduce the gap between

the overall digital economy of the city clusters and the steady

state level. There were significant differences in the convergence

speed of the nine city clusters; the order of convergence speed

was: Chengdu–Chongqing > Harbin–Changchun > Central Plain

> Middle reaches of the Yangtze River > Guanzhong Plain >

Beibu Gulf>Yangtze River Delta> Beijing–Tianjin–Hebei> Pearl

River Delta. The convergence rate of the Chengdu–Chongqing city

cluster was the fastest, with a convergence rate and corresponding

half-life cycle of 19.10% and 3.63 years, respectively, whereas the

convergence rate and corresponding half-life cycle of the Pearl

River Delta city cluster were the slowest, at 4.21% and 16.46 years,

respectively. Based on the results of the overall spatial weighting

coefficient of the city cluster, the development level of the digital

economy in neighboring cities will have a positive spatial spillover

effect on a city, thus promoting the growth of the digital economy

in the city.
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TABLE 3 σ coe�cients of the digital economy in Chinese cities.

Regions 2011 2012 2013 2014 2015 2016 2017 2018 2019

Nationwide 0.5320 0.3326 0.2554 0.2246 0.1877 0.1601 0.1433 0.1478 0.1478

Four regions East 0.4987 0.3587 0.2752 0.2610 0.2165 0.1813 0.1602 0.1631 0.1568

Central 0.3443 0.1984 0.1431 0.1339 0.1115 0.0953 0.0884 0.0907 0.1020

West 0.4855 0.2763 0.2185 0.1843 0.1476 0.1349 0.1193 0.1214 0.1268

Northeast 0.3549 0.1740 0.1691 0.1227 0.1101 0.1005 0.0889 0.0940 0.0962

Nine city clusters 0.5950 0.3849 0.2933 0.2570 0.2163 0.1806 0.1625 0.1629 0.1592

Nine major city

clusters

Beijing–Tianjin–Hebei 0.4979 0.3715 0.2854 0.2823 0.2674 0.2424 0.1912 0.1851 0.1821

YangtzeRiverDelta 0.2982 0.2191 0.2072 0.1717 0.1570 0.1372 0.1323 0.1319 0.1302

PearlRiverDelta 0.4532 0.3879 0.2975 0.2818 0.2284 0.1879 0.1594 0.1596 0.1440

MiddlereachesofYangtzeRiver 0.3465 0.1994 0.1531 0.1391 0.1187 0.1065 0.1037 0.1035 0.1018

Chengdu–Chongqing 0.3302 0.2029 0.1715 0.1632 0.1440 0.1215 0.1090 0.1081 0.1039

GuanzhongPlain 0.5188 0.3525 0.3090 0.1899 0.1601 0.1519 0.1255 0.1216 0.1160

Harbin–Changchun 0.3663 0.1813 0.2098 0.1196 0.1181 0.1062 0.0977 0.1008 0.1036

CentralPlain 0.3370 0.1580 0.1172 0.1244 0.1047 0.0909 0.0781 0.0827 0.1192

BeibuGulf 0.4416 0.2814 0.2071 0.1979 0.1633 0.1383 0.1371 0.1173 0.1144
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TABLE 4 Absolute β convergence test of the digital economy in the four regions.

Regions Nationwide East Central West Northeast

Model SEM SEM SEM OLS OLS

β −0.6292∗∗∗ −0.4614∗∗∗ −0.6269∗∗∗ −0.6887∗∗∗ −0.7471∗∗∗

(0.0268) (0.0353) (0.0296) (0.0344) (0.0327)

λ 0.8286∗∗∗ 0.5283∗∗∗ 0.6568∗∗∗

(0.0287) (0.1093) (0.0739)

s (%) 12.4012 7.7348 12.3239 14.5875 17.1845

τ (year) 5.5894 8.9614 5.6244 4.7517 4.0336

Spatial FE YES YES YES YES YES

Time FE YES YES YES YES YES

N 2,248 664 640 680 264

R2 0.8445 0.7992 0.8895 0.9577 0.9685

Log-L 4,020.6159 1,297.6481 1,333.2038 1,080.0537 516.8824

Robust standard errors are in parentheses; ∗∗∗ represent significance levels at 1%.

5.2.2 Conditional β convergence
As shown in Table 6, the industrial structure, marketization

level, human capital, and economic development levels were

considered in this study, and the panel fixed-effect model was

used to test the conditional β convergence mechanism of the

digital economy of the four regional cities. First, the β convergence

coefficients are significantly negative at the 1% level, which

indicates that the conditional β convergence trend exists in the

entire country and the four regions, implying that the cities in

the entire country and the four regions benefit from the “digital

dividend.” There are significant differences in the convergence

speed of the four regions, and the order of the convergence speed is

the same as that of the absolute β convergence: Northeast > West

> Central > East. Second, regarding the control variables for the

entire country, upgrading the industrial structure, human capital,

and level of economic development will significantly promote

the growth of the digital economy, whereas the influence of the

marketization level factors is generally unclear. Regarding the

different regions, the effects of upgrading the industrial structure,

degree of marketization, human capital, and level of economic

development on the growth of the digital economy of the cities

are heterogeneous.

As shown in Table 7, the industrial structure, marketization

level, human capital, and level of economic development were

fully considered in this study, and the panel fixed effect model

was used to test the conditional β convergence mechanism of the

digital economy of the nine city clusters. First, the β convergence

coefficients are significantly negative at the 1% level, implying that

the cities in each city cluster benefit from the “digital dividend.”

There are significant differences in the convergence speed of

the nine city clusters, which are marginally different compared

to the absolute β convergence: Chengdu–Chongqing > Harbin–

Changchun > Central Plain > the middle reaches of the Yangtze

River > Guanzhong Plain > Yangtze River Delta > Beibu Gulf

> Beijing–Tianjin–Hebei > Pearl River Delta. Second, regarding

the control variables, overall, the human capital and economic

development levels will significantly promote the growth of the

digital economy, whereas the impact of upgrading the industrial

structure and marketization level is insignificant. Regarding the

city clusters, the effects of upgrading the industrial structure,

degree of marketization, human capital, and level of economic

development on the growth of the digital economy of the cities

are heterogeneous.

5.3 Club convergence

As shown in Table 8, based on the three levels of the city

clusters, a club convergence test was conducted on the development

of the digital economy of Chinese cities. A comparative analysis of

the clubs of the three levels of the city clusters was performed. First,

significant absolute β convergence characteristics were observed in

the three levels, implying that the cities in the three levels benefit

from the “digital dividend.” There were significant differences in

the convergence speeds among the three levels, which are ranked

as follows: second tier > third tier > first tier. The convergence

speed of the first tier is the slowest, which is a relatively mature

city group with a convergence speed and corresponding half-life

cycle of 6.76% and 10.26 years, respectively. This indicates that

approximately 10.26 years are required to eliminate half of the

gap between the digital economy of first-tier cities and the steady-

state level. Second, after considering a series of control variables,

there are significant conditional β convergence characteristics in

the three levels, which also indicates that the cities in the three levels

benefit from the “digital dividend.” Specifically, the convergence

speed of the three levels was approximately the same as the

absolute β convergence result; the convergence speed ranking

was consistent.

6 Conclusions and policy implications

This study analyzed China’s “digital divide” or “digital

dividend” at various spatial scales of regions, city clusters, and
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TABLE 5 Absolute β convergence test of the digital economy in nine city clusters.

City clusters Overall Beijing–Tianjin–
Hebei

Yangtze
River
Delta

Pearl
River
Delta

Middle
reaches of

Yangtze River

Chengdu–
Chongqing

Guanzhong
Plain

Harbin–
Changchun

Central
Plain

Beibu
Gulf

Model SDM OLS OLS OLS SEM OLS SEM SEM OLS OLS

β −0.6091∗∗∗ −0.4549∗∗∗ −0.5213∗∗∗ −0.2860∗∗∗ −0.6225∗∗∗ −0.7831∗∗∗ −0.5919∗∗∗ −0.7730∗∗∗ −0.7658∗∗∗ −0.5305∗∗∗

(0.0299) (0.0540) (0.0354) (0.0482) (0.0329) (0.1082) (0.1247) (0.0509) (0.0245) (0.0346)

Wlny 0.7651∗∗∗

(0.1117)

ρ 0.7043∗∗∗

(0.0528)

λ −0.8849∗∗∗ −0.6259∗∗ −0.9966∗∗∗

(0.2722) (0.2816) (0.2109)

s (%) 11.7413 7.5848 9.2085 4.2109 12.1773 19.1040 11.2030 18.5351 18.1447 9.4511

τ (year) 5.9035 9.1386 7.5272 16.4608 5.6921 3.6283 6.1871 3.7397 3.8201 7.3340

Spatial FE YES YES YES YES YES YES YES YES YES YES

Time FE YES YES YES YES YES YES YES YES YES YES

N 1,160 80 208 56 224 128 88 72 224 80

R2 0.3794 0.9666 0.9536 0.9302 0.8911 0.9528 0.8686 0.8804 0.9842 0.9768

Log-L 2,190.6714 168.5092 428.7512 122.2098 523.8550 216.4409 146.0183 137.6988 473.2145 176.4360

Robust standard errors are in parentheses; ∗∗ , and ∗∗∗ represent significance levels at 5%, and 1%, respectively.
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TABLE 6 Conditional β convergence test of the digital economy in four regions.

Regions Nationwide East Central West Northeast

Model SEM SEM SEM OLS OLS

β −0.6387∗∗∗ −0.4658∗∗∗ −0.6396∗∗∗ −0.7089∗∗∗ −0.7618∗∗∗

(0.0271) (0.0343) (0.0299) (0.0351) (0.0323)

lnIND 0.0254∗∗ 0.0269 0.0206 0.0261∗∗ −0.0234

(0.0108) (0.0213) (0.0167) (0.0125) (0.0159)

lnMAR −0.0030 −0.0214 0.0247 0.0218 0.0566∗∗∗

(0.0122) (0.0232) (0.0284) (0.0192) (0.0150)

lnSCH 0.0038∗ 0.0073 0.0026∗ 0.0032 0.0008

(0.0022) (0.0117) (0.0015) (0.0023) (0.0102)

lnGDP 0.0669∗∗∗ 0.0367 0.0797∗∗∗ 0.1441∗∗∗ −0.0050

(0.0201) (0.0363) (0.0302) (0.0287) (0.0262)

λ 0.8080∗∗∗ 0.4757∗∗∗ 0.6481∗∗∗

(0.0337) (0.1168) (0.0771)

s (%) 12.7256 7.8373 12.7568 15.4261 17.9331

τ (year) 5.4469 8.8442 5.4336 4.4933 3.8652

Spatial FE YES YES YES YES YES

Time FE YES YES YES YES YES

N 2,248 664 640 680 264

R2 0.8627 0.8295 0.8980 0.9593 0.9701

Log-L 4,034.4602 1,300.0184 1,337.9467 1,092.7631 523.5472

Robust standard errors are in parentheses; ∗ , ∗∗ , and ∗∗∗ represent significance levels at 10%, 5%, and 1%, respectively.

cities, demonstrating differentiation characteristics in the evolution

path of the spatial difference of the digital economy. First, the

level of development of the digital economy of Chinese cities has

continuously improved. Second, the spatial differences of the four

regions and nine city clusters demonstrated an overall decreasing

trend, reflecting the reduction of the “digital divide” and presenting

the significant “digital dividend.” The primary source of the total

differences between the four regions and nine city clusters was

the same, that is, the differences between the regions (among

city clusters). Third, regarding the convergence characteristics,

σ convergence characteristics existed in the development of the

digital economy of the four regions and nine city clusters. In

addition, an absolute and conditional β convergence existed in

the development of the digital economy of the four regions and

nine city clusters, implying the benefit of the “digital dividend.”

Regarding club convergence, an absolute and conditional β

convergence exists in the three levels of the city groups, and

the cities in the club demonstrate the “digital dividend.” Fourth,

the spatial differences of China’s digital economy generally show

reducing the “digital divide” to reap the “digital dividend,” but

the evolution path was differentiated with different submarkets

demonstrating the “digital dividend” but presenting different stage

characteristics. Regarding the four regions, apart from the eastern

region, the “digital dividend” of the other regions was characterized

by a low level of development, preliminarily exhibiting slight

divergence characteristics. Regarding the nine city clusters, unlike

the Beijing–Tianjin–Hebei, Yangtze River Delta, and Pearl River

Delta city clusters, the “digital dividend” of the other city

clusters was characterized by a low level of development, partially

demonstrating slight divergence characteristics. This change may

be due to the leading role of demonstration cities proposed in

China’s digital economy development strategy.

Based on these conclusions, the following recommendations

are proposed for the government and enterprises. First, the

development level of a city’s digital economy should be further

improved. We will develop new quality productivity. Second, the

development gap of the digital economy in various regions and city

clusters should be focused on, the positioning of their respective

city functions should be clarified, and a reasonable division of

labor in the cities should be achieved (Pick and Nishida, 2015).

Third, economic links between the regions and city clusters should

be strengthened. We should give full play to the leading role of

the eastern region, especially the relatively mature city clusters in

the Beijing-Tianjin-Hebei region, the Yangtze River Delta and the

Pearl River Delta. The central, western and northeast regional city

clusters should actively undertake the transfer of digital resources

from developed regions, and utilize the advantages of resource

endowment to achieve close cooperation between regions and

city clusters. Fourth, it is necessary to promote the coordinated

development of different regions in light of the characteristics of
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TABLE 7 Conditional β convergence test of the digital economy in nine city clusters.

City clusters Overall Beijing–
Tianjin–
Hebei

Yangtze
River
Delta

Pearl
River
Delta

Middle
reaches of

Yangtze River

Chengdu–
Chongqing

Guanzhong
Plain

Harbin–
Changchun

Central
Plain

Beibu
Gulf

Model SEM OLS OLS OLS SEM OLS SEM SEM OLS OLS

β −0.5709∗∗∗ −0.4999∗∗∗ −0.5460∗∗∗ −0.2828∗∗∗ −0.6314∗∗∗ −0.8465∗∗∗ −0.6019∗∗∗ −0.8043∗∗∗ −0.7772∗∗∗ −0.5347∗∗∗

(0.0303) (0.0685) (0.0343) (0.0627) (0.0327) (0.1147) (0.1335) (0.0602) (0.0273) (0.0322)

lnIND 0.0187 −0.0284 −0.0809∗ 0.0186 −0.0216 0.0817∗∗ 0.0667 −0.0946∗∗∗ −0.0060 −0.0201

(0.0132) (0.0418) (0.0455) (0.0652) (0.0243) (0.0372) (0.0586) (0.0304) (0.0258) (0.0421)

lnMAR −0.0095 0.0705 −0.0807∗∗ −0.0785 −0.0060 0.0310 −0.0948 0.0710∗∗∗ −0.0039 0.0250

(0.0154) (0.0574) (0.0337) (0.0696) (0.0320) (0.0257) (0.0975) (0.0195) (0.0572) (0.0519)

lnSCH 0.0073∗∗∗ 0.0084 0.0068 0.0216 0.0003 0.0092∗∗ 0.0351 −0.0771 −0.0212 0.0062∗∗

(0.0010) (0.0150) (0.0186) (0.0240) (0.0082) (0.0043) (0.0359) (0.0618) (0.0198) (0.0029)

lnGDP 0.0610∗∗∗ −0.0784 0.0333 −0.2511 0.0476 0.0641 0.1115 −0.0136 0.0406 0.0466

(0.0228) (0.0664) (0.0526) (0.1517) (0.0556) (0.2260) (0.1510) (0.0294) (0.0907) (0.0781)

λ 0.7811∗∗∗ −0.9010∗∗∗ −0.5258∗ −0.9397∗∗∗

(0.0440) (0.2859) (0.3160) (0.2228)

s (%) 10.5758 8.6618 9.8707 4.1550 12.4755 23.4257 11.5132 20.3897 18.7685 9.5634

τ (year) 6.5541 8.0023 7.0223 16.6822 5.5560 2.9589 6.0205 3.3995 3.6931 7.2479

Spatial FE YES YES YES YES YES YES YES YES YES YES

Time FE YES YES YES YES YES YES YES YES YES YES

N 1,160 80 208 56 224 128 88 72 224 80

R2 0.8676 0.9686 0.9569 0.9387 0.8964 0.9574 0.8649 0.7956 0.9843 0.9787

Log-L 2,177.8918 170.9840 436.4807 125.8523 526.6993 223.0159 147.3157 142.0883 474.2130 179.7855

Robust standard errors are in parentheses; ∗ , ∗∗ , and ∗∗∗ represent significance levels at 10%, 5%, and 1%, respectively.
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TABLE 8 Club convergence test of the digital economy development in Chinese cities.

Club Absolute β convergence Conditional β convergence

First tier Second tier Third tier First tier Second tier Third tier

Model SEM OLS SEM OLS OLS SEM

β −0.4176∗∗∗ −0.6782∗∗∗ −0.6388∗∗∗ −0.4137∗∗∗ −0.7006∗∗∗ −0.6515∗∗∗

(0.0418) (0.0481) (0.0437) (0.0310) (0.0534) (0.0439)

lnIND −0.0063 0.0119 0.0268

(0.0293) (0.0166) (0.0203)

lnMAR −0.0362 0.0211 −0.0048

(0.0259) (0.0197) (0.0184)

lnSCH 0.0069 0.0074∗∗∗ 0.0040∗

(0.0110) (0.0026) (0.0021)

lnGDP 0.0372 0.1095 0.1160∗∗∗

(0.0383) (0.0739) (0.0381)

λ 0.2942∗∗ 0.4317∗∗∗ 0.2680∗

(0.1376) (0.1271) (0.1544)

s (%) 6.7575 14.1728 12.7290 6.6740 15.0747 13.1765

τ (years) 10.2575 4.8907 5.4454 10.3857 4.5981 5.2605

Spatial FE YES YES YES YES YES YES

Time FE YES YES YES YES YES YES

N 344 352 464 344 352 464

R2 0.7972 0.9725 0.8764 0.9502 0.9732 0.8779

Log-L 693.4409 689.2498 860.8314 695.0113 694.0798 868.2526

Robust standard errors are in parentheses; ∗ , ∗∗ , and ∗∗∗ represent significance levels at 10%, 5%, and 1%, respectively.

their development stages. The current stage is a critical period

for the path transformation of the central, western, and northeast

regions, as well as the developing city clusters, actively promoting

China to converge to a lower steady-state level of spatial difference

in the digital economy. Finally, we should truly bridge the “digital

divide” to benefit from the “digital dividend.”

In the process of the development of digital economy, Europe,

the United States, Japan and other developed economies have

presented different degrees of “digital divide.” Among them,

the spatial inequality of the development of digital economy

in Europe has decreased, indicating that some regions are

narrowing the “digital divide” to share the “digital dividend”

(Nishida et al., 2014; Pick et al., 2015; Lucendo-Monedero

et al., 2019). Similarly, the overall development of China’s digital

economy shows a trend of narrowing the “digital divide” to

reap the “digital dividend.” However, the spatial differences

of China’s digital economy have the different evolution stage

characteristics and submarket characteristics, compared with

other developed economies, due to the large scale and the

diversity of social and economic environment of China’s digital

economy market.

This study has several limitations. First, due to data limitations,

the indicators of urban digital economy development are not

perfect at present. Second, the research on “digital divide” and

“digital dividend” needs to be in-depth, such as how to achieve an

all-round way to cross the “digital divide” and share the “digital

dividend.” Future research should be conducted to remain up-

to-date and continue to improve relevant measures combined

with the new characteristics of digital technology at the national

and regional levels. On the other hand, it further explores the

problems of “digital divide” and “digital dividend” that different

groups may face. It is worth exploring the spatial differences in the

digital economy.
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