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Abstract: In the context of the rapid development of the global Internet, evaluating the digital vil-
lage development level (DVI) in different regions is important for policy formulation and scientific
research in the field of rural digital development. Based on the measurement of DVI using panel data
of provinces from 2005 to 2018, we also explored the causes of DVI development differences using
the Dagum Gini coefficient decomposition and spatial convergence method. The study found that:
(1) During the whole sample period, the DVI in China and the four major regions showed a signifi-
cant upward trend as a whole, with the highest in the eastern region and the lowest in the western
region, but the development of DVI among different provinces showed regional non-equilibrium
characteristics. (2) DVI has a typical agglomeration effect in the spatial and geographical distribu-
tion, and regional differences are the primary source of differences in DVI development in China,
but the overall regional differences show a decreasing trend. (3) Except for the northeast region,
σ-convergence exists in the other three regions; in addition, all regions have significant conditional
β-convergence, but the convergence speed is significantly different. (4) Rural population density,
industrial structure, and economic development level significantly affect DVI. Therefore, we suggest
strengthening the inter-regional connection and element flow and realizing the improvement of the
overall DVI of the region through cooperation and mutual assistance.

Keywords: digital village development index; regional difference; decomposition; convergence

1. Introduction

Digital information technology with the Internet as the core has gradually transformed
into new production factors and governance tools, becoming an important driving force
for the current high-quality economic development and a vital support force for building
a modern social governance system [1–3]. According to the China Internet Development
Report 2019, as of June 2019, the number of Internet users in rural China has reached
225 million. The Internet penetration rate in rural areas is about 46%. To further utilize the
critical role of digital information technology in agricultural and rural economic and social
development, the national government departments also issued relevant policy documents
to guide its development. However, in practice, the construction of a digital village
provides new ideas and new opportunities for rural development in various regions [4].
However, due to the large gap in resource endowment, information infrastructure, and
economic development among different regions in China, there is a significant gap in the
development level of digital villages in the various areas [5]. Therefore, research on the
dynamic changes of the digital rural development level in different regions of China and
revealing the regional differences, sources, and convergence characteristics of the digital
rural development level in different regions was necessary.
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There is also apparent heterogeneity in the development of digital villages in different
countries worldwide. The U.S. Department of Agriculture’s Office of Rural Development
announced a series of policies for rural construction and financial support to help rural
American communities improve their economy and quality of life. The United States
adopted the Advanced Wireless Research Platform project to explore different delivery
models of rural broadband and implement innovative solutions such as precision agricul-
ture [6]. The Indian government has recently formulated a plan called “Digital Village”
to provide free WIFI service to Indian villages, which will further promote the cashless
payment mode in villages [7]. Cornwall is at the forefront of the U.K.’s rural digitization
strategy, implementing innovative measures such as broadband access, digital training,
community digital centers, and e-health, and introducing the most advanced technologies
such as V.R. and virtual reality activities to narrow the digital divide [8]. In order to solve the
challenges of out-migration in rural areas, the Finnish government has researched “smart
villages” for many years. Digital services are considered the foundation for maintaining a
vibrant village, and the main measures include digital education, e-health, telecommuting,
and digital training [9]. As far as the concept of the digital village is concerned, some
scholars have determined that safety, security, well-being, and happiness are some of the
parameters of the digital village [10], and Visvizi and Lytras [11] pointed out that it can learn
from the research of the smart city and equalize it. The research on the land application is
carried out at the micro-level of villages, which can provide ideas for the study of digital
villages. In the European Commission document, digital villages and smart villages are
defined as rural areas, and communities that build on their existing strengths and assets, as
well as new opportunities to develop added value and where traditional and new networks
are enhanced using digital communications technologies, innovations, and the better use
of knowledge for the benefit of inhabitants [12]. We mainly refer to the official policy
documents of the Chinese government and the practice of rural development and believe
that DVI refers to the development of rural areas relying on the digital economy, with
modern information networks as an essential carrier, and digital technology innovation as
the core driving force for rural development.

The construction of a digital village is a new growth highlight of China’s rural areas
in the future, so the digital village’s theoretical cognition and practical exploration have
become a hot spot of academic and industry research [13,14]. Many scholars have carried
out multi-dimensional research on the digital villages from an interdisciplinary perspective,
but there is no unified measurement standard for measuring DVI. Shen et al. [15] through
combing the micro informatization indicators of rural residents, constructed a micro mea-
surement model of the digital village from the aspects of the use of information equipment,
the acquisition and utilization of information demand, and the information public service,
and measured the level of DVI by using the entropy weight method; Zhang et al. [16]
constructed a digital village macro-environment, infrastructure support, information envi-
ronment, government environment, and application of the environment five dimensions of
the evaluation index system, to measure the development level of digital villages in China’s
31 provinces and autonomous regions from 2013 to 2017; Fang [17] constructed the evalua-
tion index system of digital rural development from the perspective of rural development,
and selected seven dimensions, including scientific and technological agriculture, smart
farmers, digital economy, network government affairs, intelligent environment, modern
medical and welfare, and digital infrastructure.

All of these have significant reference values for this study. However, there are still
some deficiencies: the digital village development level measurement will have consider-
able differences due to the different angles and emphasis of the index system selection, and
scholars have not reached a consensus. The applicability of other measurement methods
is extensive, resulting in differences in the measurement results. Most of the existing
studies on digital villages remain theoretical. There is no systematic study on the regional
differences, spatial distribution, and stochastic convergence of digital villages in China. The
literature on the development of this digital village discusses many indicators, including
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digitization, intelligence, and the Internet, but lacks scientific papers or more studies to
confirm it. The development of smart villages or digital villages is one of the critical issues
to be considered in sustainable development and the overall development of society in the
future. In this paper, we construct a comprehensive index system covering multiple levels
to measure the level of digital villages and discuss the aspects of spatial heterogeneity and
driving factors, aiming to provide information for developing countries on a larger scale
in the world. The national development of digital villages and smart villages provides
feasible ideas, which will only discuss how to build smart villages at the theoretical level
and expand to more detailed aspects to help other regions more accurately make up for the
shortcomings of digital village development.

2. Materials and Methods
2.1. Data Source

This paper adopts provincial panel data, including 434 research samples from
31 provinces in mainland China from 2005 to 2018. The main reason for selecting these data
is the absence of data from Hong Kong, Macau, and Taiwan provinces, so we only decided
on data from 31 provinces in mainland China for the analysis. The data used are from
the China Statistical Yearbook, China Population, and Employment Statistical Yearbook,
etc. However, in practice, China’s Statistical Yearbook data may be missing or omitted
for many provinces in China due to differences in economic development and the level of
statistical capacity in each region. We mainly adopted the linear interpolation method to
deal with the missing data. Because China’s geographic location spans three major geo-
graphical segments [18], China is divided into four regions according to the classification
of the China Statistical Yearbook [19]: the eastern region, the central region, the western
region, and the northeastern region (Figure 1). The eastern region includes Beijing, Tianjin,
Hebei, Shanghai, Jiangsu, Zhejiang, Fujian, Shandong, Guangdong, and Hainan; the central
region includes Shanxi, Anhui, Jiangxi, Henan, Hubei, and Hunan provinces; the western
region includes inner Mongolia, Guangxi, Chongqing, Sichuan, Guizhou, Yunnan, Tibet,
Shaanxi, Gansu, Qinghai, Ningxia, and Xinjiang; and the northeastern region includes
Liaoning, Jilin, and Heilongjiang. In practical terms, there are significant differences in the
level of economic development, natural resource status, and geographic climate in these
four regions. Our analysis of DVI from the four regions can explain them from a regional
distribution perspective.
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2.2. Methods
2.2.1. Construction and Evaluation Method of DVI
The Evaluation Index System of DVI

How to evaluate DVI scientifically is very important to understand the real situation
of digital village development in China [20,21]. Ranade et al. [22] stated that digital villages
or smart villages should be based on the local conditions, infrastructure, available resources
in the rural area, and local demand, as well as the potential export of goods to urban areas.
Some scholars also point out that digital villages should be defined according to the concept
of digital cities, and their digital villages should contain economic components, environ-
mental components, and social components, covering various aspects such as broadband,
clean technology, and social life [23]. The study by Guo and Chen [24] argues that digital
villages should be based on modern information networks, and the main components
cover village industry digitalization, intellectual data, life data, and three other essential
aspects. All of the above studies have explored the concept of the digital village, which
mainly contains parts such as digital information technology facilities and the Internet
development environment. However, as far as digital village development is concerned,
the residents within the village are the main subjects and practitioners of the village [25,26],
so the development of the digital village must consider the digital technology level and
economic development ability of the residents within the village. Therefore, in addition
to the digital village infrastructure and information environment indicators from existing
studies, we added the indicator of digital main development ability that can reflect village
residents’ economic capacity and digital technology level. We have constructed the evalu-
ation index system of digital village development, which includes 15 indicators in three
dimensions: main development ability, infrastructure construction, and information envi-
ronment (Table 1). The main development ability is selected from the income, consumption,
and education level of rural residents. The infrastructure construction is selected from the
aspects of line laying, broadband business development, and agricultural machinery. The
information environment is selected from the Internet penetration rate and rural residents’
digital equipment ownership.

Table 1. The evaluation index system of DVI.

Primary Indicators Secondary Indicators Unit Weight (%)

Main development ability
(31.9591%)

Per capita disposable income of rural residents Yuan/person 9.7124
Consumption level of rural residents Yuan/person 6.9659

Average education level of rural residents Year 7.5285
Per capita expenditure on transportation and

communication of rural residents Yuan/person 7.7523

Infrastructure construction
(40.9690%)

Length of long-distance optical cable line Km 6.1673
Length of rural delivery route of long-distance

optical cable line (one way) Km 10.0915

Proportion of administrative villages with Internet
broadband services % 2.5326

Proportion of postal administrative villages % 2.8889
Total power of agricultural machinery Ten thousand kw 8.4360

Rural power consumption Ten thousand kw/h 7.5282
Average weekly delivery times in rural areas Times 3.3245

Information environment
(27.0719%)

Internet penetration rate % 8.0714
Number of color TV sets per 100 rural households Set 2.9976
Mobile phone ownership per 100 rural households Department 7.0624

Computer ownership per 100 rural households Set 8.9405

Notes: The weights of each dimension are in parentheses.

The Value of the DVI Evaluation Method

We used the entropy method comprehensive evaluation model to measure the com-
prehensive DVI in China and four major regions from 2005 to 2018. To reduce and avoid
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the subjective factors and some objective limitations in the process of weight determination,
we used the entropy weight method to weigh the indicators and then used the weighted
sum method to measure and evaluate the development level of digital village areas [27,28].
The advantage of this method compared with other methods is that the entropy method
can overcome the randomness and conjecture problems that cannot be avoided by the
subjective weighting method and can effectively solve the problem of information overlap
among multi-index variables [29,30]. The specific steps are as follows:

All indicators are dimensionless. Among them, the positive index that Equation (1)
below can express it:

Xij =
xij −min

{
x1j, · · · , xnj

}
max

{
x1j, · · · , xnj

}
−min

{
x1j, · · · , xnj

} (1)

The negative indicator using Equation (2):

Xij =
max

{
x1j, · · · , xnj

}
− xij

max
{

x1j, · · · , xnj
}
−min

{
x1j, · · · , xnj

} (2)

where xij is the original index value of the j−th index of the evaluation object i, and n is
the number of evaluation objects.

The construction formula of a normalized matrix pij using Equation (3):

pij =
Xij

n
∑

i=1
Xij

(3)

Calculate the entropy of the j−th index using Equation (4):

ej = −k
n

∑
i=1

pij lnpij (4)

where k = 1
ln n > 0.

Calculate the redundancy of information entropy using Equation (5):

dj = 1− ej (5)

Calculate the weight of the index relative to its dimension using Equation (6):

wj =
dj

mk
∑

j=1
dj

(6)

where k is the dimension, kmax = 5, mk is the number of corresponding dimension
indicators.

Finally, the calculation formula of the comprehensive DVI using Equation (7):

Si =
mk

∑
j=1

wj pij (7)

2.2.2. Decomposition of Dagum Gini Coefficient

The Dagum Gini coefficient decomposition method was used to decompose the re-
gional differences of DVI in eastern, central, western, and northeastern China (Dagum, 1997).
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According to the decomposition method of the Gini coefficient proposed by Dagum, the
total Gini coefficient is calculated using Equation (8):

G =
k

∑
j=1

k

∑
h=1

nj

∑
i=1

nh

∑
r=1

∣∣yji − yhr
∣∣/2n2y (8)

where, yji(yhr) is the comprehensive index of the digital rural development of provinces in
region j(h); y is the average value of the digital rural development index; n is the number
of provinces; k is the number of regions; nj(nh) is the number of provinces in region j(h); G
is the overall Gini coefficient; j and h are different provinces in k regions, j = 1, 2, . . . ; k, i, r
is the different province in region j(h).

Dagum [31] decomposes the overall Gini coefficient G into the contribution of differ-
ences within regions Gw, the contribution of difference between regions Gnb, and the contri-
bution of trans variation intensity Gt, the relationship among them are G = Gw + Gnb + Gt;
Equations (9) and (10) respectively represent the Gini coefficient Gjj of a certain region
(such as j region) and the Gini coefficient of inter-regional (j and h regions) Gjh:

Gjj =

1
2yj

nj

∑
i=1

nj

∑
r=1

∣∣yji − yjr
∣∣

n2
j

(9)

Gjh =

nj

∑
i=1

nj

∑
r=1

∣∣yji − yjr
∣∣

njnh(yj + yh)
(10)

Gw =
k

∑
j=1

Gjj pjsj (11)

Gnb =
k

∑
j=2

j−1

∑
h=1

Gjh(pjsh + phsj)Djh (12)

Gt =
k

∑
j=2

j−1

∑
h=1

Gjh(pjsh + phsj)(1− Djh) (13)

where, in Equations (11)–(13), pj = nj/n is the ratio of the number of provinces in region j
to the total number of provinces in China; sj = njyj/ny, j = 1, 2, · · · , k; Djh is the relative
influence of the level of DVI between region i and region j using Equation (14):

Djh =
dih − pjh

dih + pjh
(14)

where, the calculation formulas of djh and pjh are shown in Equations (15) and (16), djh is
defined as the difference of DVI among regions, representing the mathematical expectation
of the sum of all sample values satisfying yji − yhr > 0 condition in j region and h region;
pjh is defined as the hyper variant first moment, representing the mathematical expectation
of the sum of yhr − yji > 0 sample values in j region and h region; Fj(Fh) represents the
cumulative density distribution function of region j. The Equation is:

djh =
∫ ∞

0
dFj(y)

∫ y

0
(y− x)dFh(x) (15)

pjh =
∫ ∞

0
dFh(y)

∫ y

0
(y− x)dFj(x) (16)
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2.2.3. Spatial Autocorrelation Analysis

The spatial autocorrelation analysis includes global spatial autocorrelation and local
spatial autocorrelation [32]. Global spatial autocorrelation mainly tests the general trend of
spatial correlation of adjacent or similar regional unit attribute values in the whole study
area [33,34]. Moran’s I index is generally used to measure spatial correlation [35]. The
calculation equation is as follows:

I =

n
∑

i=1

n
∑

j=1
Wij(xi − x)(xj − x)

S2
n
∑

i=1

n
∑

j=1
Wij

(17)

where, I is Moran’s I index; n is the number of research objects; xi, xj represent the attribute
values of spatial units i and j; Wij is the spatial weight matrix; S2 is the variance of the
observation value; x is the average value of the observation value. The value of I is between
−1 and 1 [36]. I > 0 is a spatial positive correlation. When I < 0 is a spatial negative
correlation, the smaller the value, the stronger the degree of negative correlation. I = 0
represents spatial uncorrelation. Global spatial autocorrelation can reflect the distribution
pattern of the research object in the whole regional space, but cannot obtain the location of
the research object cluster region [37–39].

The four quadrants of local Moran’s I and the Moran scatter plot correspond to four
different types of local association, namely HH (high-high), HL (high-low), LH (low-high),
and LL (low-low) [40,41]. Among them, HH and LL indicate that adjacent provinces
have a positive spatial correlation, provinces with a high or low degree of DVI have a
spatial agglomeration effect; HL and LH indicate that there is a spatial negative correlation
between adjacent provinces, provinces with a high (low) DVI are surrounded by provinces
with a low (high) DVI.

2.2.4. Spatial Convergence Model

The convergence model was used to measure the convergence or difference of the
income gap. Then it was applied to many fields such as economic growth, innovation
efficiency, and so on [42,43]. σ-convergence and β-convergence are standard methods for
convergence analysis [3]. β-convergence includes absolute β-convergence and conditional
β-convergence [44]; after adding the spatial effect, it can be divided into the β-convergence
spatial autoregressive model (SAR) and spatial error model (SEM) [45].

σ-Convergence Model

σ-convergence is an intuitive understanding of the concept of convergence [46]. If the
difference of DVI among provinces was reduced, then there is σ-convergence, otherwise,
there is no σ-convergence. In this paper, the variation coefficient of DVI of each province
after logarithmic processing was used to reflect the change trend of the gap.

σ =

√
Nj

∑
i
(Yij −Yij)

2/Nj

Yij
(18)

where j represents each region (j = 1, 2, 3, 4); i represents the provinces in each region
(i = 1, 2, 3, . . . ); and Ni represents the number of provinces in each region; Yij is the average
DVI of region j.
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β-Convergent Spatial Autoregressive Model (SAR)

The traditional absolute β-convergence model is ln Yi,t+1 − ln Yit = αI + β ln Yit + ε,
after considering the influence of spatial effect, a spatial autoregressive model with absolute
β-convergence is established [47–49]:

ln Yi,t+1 − ln Yit = αI + β ln Yit + ρW(ln Yi,t+1 − ln Yit) + ε (19)

where, i represents the provinces included in the sample, and Yit represents DVI of i
province in the t year, ln Yi,t+1 − ln Yit represents the logarithmic growth of DVI of the i
province in the t year, I is the spatial unit vector, W is the spatial weight matrix, and α and
β are the corresponding parameters to be estimated. Among them, β is the convergence
coefficient. If β > 0 is statistically significant, it indicates that the DVI in China has divergent
characteristics, On the contrary, if β < 0, it means that there is absolute β-convergence in
the DVI of China, and the convergence rate is λ = (−1/T)× ln(1−|β|) . ρ represents the
spatial autoregressive coefficient.

The conditional β-convergence is different from the absolute β-convergence, which ad-
mits differences in economic characteristics and steady-state values among provinces [50,51].
As learned from the Gotway et al. [52] study, based on the absolute β-convergence spatial
autoregressive model and the relevant control variables, the conditional β-convergence
spatial autoregressive model can be obtained:

ln Yi,t+1 − ln Yit = αI + β ln Yit + ρW(ln Yi,t+1 − ln Yit) + ξµit + ε (20)

where, µit represents the selected control variable, and ξ represents the coefficient of the
control variable, reflecting the influence degree and direction of the chosen control variable
on the growth rate of DVI; if β < 0 passes the significance test, then the spatial conditional
β-convergence has existed, otherwise, there is no spatial conditional β-convergence.

Spatial Error Model with β-Convergence (SEM)

Different from the β-convergence spatial autoregressive model (SAR), in the β-convergence
spatial error model (SEM), the spatial correlation of individual provinces is caused by ran-
dom disturbance [53]. Therefore, the spatial error model with absolute β-convergence can
be expressed as follows:

ln Yi,t+1 − ln Yit = αI + β ln Yit + ε (21)

ε = λWε0 + µ (22)

where, ε is the random disturbance term, and λ is the influence of the random disturbance
term of DVI of other provinces on the growth rate of DVI in this province. Similar to the
spatial autoregressive model with β-convergence, when β < 0 is statistically significant,
it means that the growth rate of the digital village developed areas is less than that of
the backward areas, and there is absolute β-convergence; otherwise, there is no such
convergence. When λ < 0 is statistically significant, it means that the random disturbance
of other provinces will have a negative impact on the growth rate of the DVI of i province
and there is a negative spatial effect. By adding a control term to the absolute β-convergence
spatial error model, the conditional β-convergence spatial error model can be obtained:

ln Yi,t+1 − ln Yit = αI + β ln Yit + ξµit + ε (23)

ε = λWε0 + µ (24)

where, µit is the selected control variable, ξ is the coefficient of the control variable, reflecting
the influence degree and direction of the selected control variable on the growth rate of DVI.
If β < 0 passes the significance test, it shows that there exists conditional β-convergence,
otherwise, there is no conditional β-convergence.
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3. Results
3.1. General Description of DVI in China and Four Major Regions

Based on the comprehensive evaluation model of the entropy method, we calculated
the DVI of 31 provinces from 2005 to 2018 (Figure 2). The DVI of China shows a steady
and continuous upward trend, with the comprehensive index rising from 0.196 in 2005 to
0.487 in 2018, with an average annual growth rate of 10.42%. The DVI in eastern China
was significantly higher than in other regions, and the average comprehensive index was
0.426; the average value of the DVI was 0.351 and 0.320, respectively, in the central region
and northeastern region, and the lowest DVI was the western region, with the average
value of 0.269. There are significant differences in the growth rates of DVI among the four
regions. The western region had the fastest growth rate with an average annual growth
rate of 15.44%, followed by the northeastern region and the central region with an average
annual growth rate of 10.95% and 10.33%. In contrast, the eastern region had the slowest
growth rate, with an average annual growth rate of 9.50%.
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mainland China in the past 2005–2018 years, which was drawn up by ArcGIS software. Due
to the space limitation, it only lists the trend of DVI in the years 2006, 2010, 2014, and 2018.
It can be seen from Figure 3 that the DVI in China has three characteristics in terms of space-
time evolution: the level of China’s digital village development shows a relatively evident
growth trend, the number of provinces with digital village development levels below 0.415
decreased from 22 to 8 provinces from 2006 to 2018, and the number of provinces above
0.588 increased by five provinces. The level of DVI in China is decreasing from the eastern
to the western region. The provinces and cities with a higher level of DVI are mainly
in the eastern region, such as Shandong, Jiangsu, Zhejiang, and Guangdong provinces;
the provinces with low levels are primarily distributed in the western region, such as
Xinjiang, Tibet, Qinghai, and Gansu provinces, and the level of DVI has been ranked lower.
Thirdly, the level of DVI in China shows a significant trend of high-efficiency provinces
from scattered distribution to eastern coastal agglomeration, and the DVI is relatively high
mainly due to their superior geographical location, open market environment, and special
transportation and logistics system.

3.2. Regional Difference Decomposition of DVI

Using the Gini coefficient and decomposition method, this paper measured the overall
Gini coefficient, inner-regional Gini coefficient, inter-regional Gini coefficient, and contribu-
tion rate of national and four regional DVI from 2005 to 2018. Figure 4 depicts the changing
trend of the Gini coefficient of DVI in the nation during the sample period. The Gini
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coefficient of DVI in China decreased from 0.209 to 0.123, with an average annual decrease
of 41.15%. This result showed that the spatial differentiation of digital rural development
in China is on the decline.
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Figure 4 depicts the changing trend of the Gini coefficient of DVI at the four regions
during the sample period. The inner-regional difference degree of the eastern and western
regions was the largest (the average Gini coefficient of the eastern and western regions was
0.124 and 0.118, respectively, during the sample period), while the inner-regional difference
degree was small in the central and northeastern regions (the average Gini coefficients in
the central and northeastern regions were 0.068 and 0.031, respectively, during the sample
period). The Gini coefficient in the eastern, central, and western regions showed an obvious
downward trend from the changing trend. In contrast, the Gini coefficient in the eastern
region first decreased, then increased, and then decreased.

Figure 4 depicts the changing trend of the inter-regional difference of DVI in China
during the sample period. The average Gini coefficient between the eastern and western
regions during the whole investigation period was 0.188, with the largest inter-regional
difference among all regions. From the changing trend, the inter-regional differences
between most regions showed a narrowing trend, among which the decline range between
the western and northeast regions was the largest, with a decrease rate of 55.50%. In contrast,
the inter-regional difference between the eastern and northeastern regions decreased the
smallest by 23.63%.

Figure 4 depicts the changing trend of the contribution rate of each decomposition
term of the Gini coefficient to the overall Gini coefficient during the sample period. The
contribution rate of the inter-regional difference to the overall difference was the largest and
showed a trend of rising first and then decreasing. Secondly, the inner-regional difference
was more minor, and the contribution rate of trans variation intensity to the overall spatial
difference was the smallest.

3.3. Convergence Analysis of DVI
3.3.1. σ-Convergence Analysis of DVI in China

According to the σ-convergence test method, the variation of convergence coefficient
in China and four regions is shown in Figure 5. From the national level, the σ-convergence
coefficient of DVI from 2005 to 2018 showed a declining trend, which indicates that DVI
in China has evident σ-convergence. From the regional level, the eastern, central, and
western regions showed a downward trend, indicating a convergence of DVI in the areas
mentioned above. The σ-convergence coefficient of the northeastern region showed a
downward trend of fluctuation. After reaching the minimum value (0.027) in 2012, it
increased sharply (reached 0.106) in 2013 and fluctuated again. The DVI of the northeastern
region had σ-convergence before 2012, and continues to be divergent, which indicates
periodic σ-convergence in the northeast region.
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3.3.2. β-Convergence analysis of DVI in China
Spatial Correlation Test

To analyze the spatial correlation and spatial heterogeneity of DVI in different regions
of China, Geoda software was used to measure the spatial Moran’s I index of DVI in
31 provinces of China from 2005 to 2018 and draw the local Moran scatter diagram, as
shown in Table 2 and Figure 6. According to the calculation results in Table 2, the overall
Moran’s I index of China’s DVI was positive during the survey period, the index values
ranged from 0.291 to 0.374, and the p-values were all less than 0.01, which all passed the 1%
significance test. It shows that the spatial distribution of DVI in China is not disorderly, but
there is a significant positive spatial correlation.

Table 2. Global Moran’s Index of DVI in China from 2005 to 2018.

Year 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018

Moran’s I 0.306 0.313 0.315 0.303 0.318 0.374 0.336 0.360 0.352 0.350 0.326 0.309 0.291 0.253
Z-value 2.839 2.900 2.918 2.812 2.931 3.397 3.094 3.308 3.240 3.221 3.031 2.904 2.756 2.421
p-value 0.002 0.002 0.002 0.002 0.002 0.000 0.001 0.000 0.001 0.001 0.001 0.002 0.003 0.008
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In this regard, this paper used Moran scatter chart and the local Moran’s I index to
draw the LISA agglomeration map of DVI of 31 provinces in China in 2006, 2010, 2014,
and 2018 (Figure 6). Figure 6 shows that the number of provinces with positive spatial
correlation (HH cluster and LL cluster) was 7, 11, 10, and 6 in 2006, 2010, 2014, and 2018,
respectively. The increase and decrease in the numbers show that HH and LL clusters in
digital villages first increased and then decreased, while LH and HL clusters remained
unchanged. From the time change of the local agglomeration characteristics of DVI in
China’s provinces, the HH cluster area mainly concentrated in coastal areas, showing a
specific diffusion effect, while the LL cluster showed a downward trend. The HH cluster in
coastal regions and LL cluster in western regions dominated the global autocorrelation of
DVI in China.
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Absolute β-Convergence Analysis

The absolute β-convergence shows that under the same other conditions, the regions
will eventually reach the same steady-state level as time goes on. The spatial autocorrelation
model (SAR) or spatial error model (SEM) can be used to analyze the absolute convergence,
and the applicability of the model is observed by the Lagrange multiplier test (LM) [54,55].
For the whole region, LM test results are shown in Table 3. The results of the Lagrange
multiplier test (LM) show that LM lag statistics and LM error statistics were significant
at 1% level, robust LM lag statistics were not significant, and LM error statistics were
significant at 1% level, which indicates that the spatial error model (SEM) is more suitable
for the absolute β-convergence analysis. Absolute β-convergence results of DVI are shown
in Table 4.

Table 3. Results of Lagrange multiplier (LM) test.

Test Method Statistic p-Value Test Method Statistic p-Value

Lagrange multiplier (error) 69.781 0.000 Robust Lagrange multiplier (error) 28.816 0.000
Lagrange multiplier (lag) 42.207 0.000 Robust Lagrange multiplier (lag) 1.241 0.265

Table 4. Results of absolute β-convergence regression.

Model SAR SEM

Regions National Eastern Central Western Northeastern National Eastern Central Western Northeastern

β
−0.0166 ***

(0.0055)
−0.0347 ***

(0.0076)
−0.0046
(0.0139)

−0.0039
(0.0064)

−0.0488 ***
(0.0136)

−0.0351 ***
(0.0086)

−0.0466 ***
(0.0091)

−0.0063
(0.0164)

−0.0157
(0.0119)

−0.0542 ***
(0.0143)

ρ
0.3911 ***
(0.0431)

0.2212 ***
(0.0447)

0.1171 ***
(0.0362)

0.4742 ***
(0.0421)

0.0624 *
(0.0353)

λ
0.4161 ***
(0.0418)

0.2378 ***
(0.0423)

0.1209 ***
(0.0428)

0.4848 ***
(0.0417)

0.0872 ***
(0.0230)

LogL 1343.4135 433.8977 269.2690 530.4190 117.4042 1345.4145 434.3711 269.2926 530.7026 117.4802
R2 0.0033 0.0983 0.0008 0.0002 0.0701 0.0223 0.1032 0.0011 0.0001 0.0728

Notes: * and *** are significant at 10% and 1% levels, respectively, and the values in brackets are standard errors.

It can be seen from Table 4 that the coefficients of national, eastern, and northeastern
regions were all negative in terms of the spatial autoregressive model (SAR) and spatial
error model (SEM), and all passed the significance test at the level of 1%, indicating that
there was absolute β-convergence in DVI in the eastern and northeastern regions. The
convergence coefficient of the central and western regions was negative but not significant,
indicating no evident absolute β-convergence trend in the DVI in the central and western
regions. The results of the SEM model show that the convergence rate of DVI in the national,
eastern, central, western, and northeastern regions was 0.26%, 0.34%, 0.05%, 0.11%, and
0.40%. The convergence rate of the northeastern was the fastest, followed by the eastern
and western regions, and the central region was the slowest.

Conditional β-Convergence Analysis

The conditional β-convergence is that after considering the heterogeneity of each
region, the DVI of each region will converge to its steady-state level over time, rather than
the same steady-state level. Therefore, in the specific study of the convergence of DVI, this
paper selected the control variables such as rural population density (DEN), industrial
structure (STR), urbanization rate (URB), economic development level (ECO), openness
(OPE), government influence (GOV), and other control variables. Rural population density
(DEN), a measure of population density, is expressed by the number of rural populations
per unit area of land. Industrial structure (STR) is defined by the ratio of the tertiary
industry to GDP, which measures the industrial development. The level of urbanization
(URB) is expressed by the proportion of the urban population to the total population. The
level of economic development (ECO) is expressed in per capita GDP. The degree of opening
to the outside world (OPE) is defined by the total import and export ratio to the GDP to
measure the degree of regional openness. Government influence (GOV) is expressed by the
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proportion of the government’s agricultural budget expenditure (agricultural, forestry, and
water finance expenditure) in GDP.

As with the absolute β-convergence, before the conditional β-convergence analysis,
selecting the appropriate spatial econometric model is necessary. For the whole country, the
LM test results are shown in Table 5. The Lagrange multiplier test (LM) results show that
LM error statistics and LM lag statistics were significant at the level of 1%, robust LM error
statistics were significant at the level of 1%. Robust LM lag statistics were significant at the
level of 5%. The LM error statistic was more significant. Hence, the SEM model is the main
model in this paper to analyze the factors that influence the conditional spatial convergence
of DVI. The β-convergence results of the digital rural development index condition are
shown in Table 6.

Table 5. Results of Lagrange multiplier (LM) test.

Test Method Statistic p-Value Test Method Statistic p-Value

Lagrange
multiplier (error) 51.579 0.000 Robust Lagrange

multiplier (error) 8.707 0.003

Lagrange
multiplier (lag) 48.259 0.000 Robust Lagrange

multiplier (lag) 5.387 0.020

Table 6. Results of conditional β-convergence regression.

Model SAR SEM

Regions National Eastern Central Western Northeastern National Eastern Central Western Northeastern

β
−0.2332 ***

(0.0419)
−0.2460 ***

(0.0773)
−0.4911 ***

(0.0802)
−0.2145 ***

(0.0623)
−0.6787 ***

(0.1696)
−0.2529 ***

(0.0438)
−0.2450 ***

(0.0749)
−0.4714 ***

(0.0741)
−0.2098 ***

(0.0582)
−0.6944 ***

(0.1709)

ρ
0.3238 ***
(0.0462)

0.1873 ***
(0.0425)

0.1108 ***
(0.0409)

0.4274 ***
(0.0486)

−0.0524
(0.0966)

λ
0.3440 ***
(0.0451)

0.1829 ***
(0.0442)

0.1461 **
(0.0695)

0.4413 ***
(0.0467)

−0.1103 *
(0.0668)

Ln DEN 0.0288 **
(0.0115)

0.0107
(0.0294)

0.1102 ***
(0.0321)

0.0499 **
(0.0227)

−0.2178 **
(0.0917)

0.0252 **
(0.0100)

0.0048
(0.0300)

0.1230 ***
(0.0278)

0.0517 **
(0.0245)

−0.2321 **
(0.1019)

Ln STR 0.0207 **
(0.0083)

0.0258
(0.0214)

0.0146
(0.0101)

0.0146
(0.0164)

0.1143 ***
(0.0379)

0.0169 **
(0.0081)

0.0231
(0.0214)

0.0105
(0.0122)

0.0114
(0.0141)

0.1222 ***
(0.0428)

Ln URB 0.0118
(0.0108)

−0.0099
(0.0403)

0.1656 ***
(0.0362)

0.0651 ***
(0.00232)

−0.3658 **
(0.1616)

0.0140
(0.0121)

−0.0222
(0.0435)

0.1696 ***
(0.0416)

0.0556 ***
(0.0217)

−0.4087 **
(0.1931)

Ln ECO 0.0321 ***
(0.0067)

0.0368***
(0.0132)

0.0538 ***
(0.0101)

0.0162 **
(0.0075)

0.0959 ***
(0.0276)

0.0330 ***
(0.0070)

0.0369 ***
(0.0136)

0.0538 ***
(0.0094)

0.0176 **
(0.0086)

0.1012 ***
(0.0315)

Ln OPE −0.0025
(0.0027)

0.0006
(0.0072)

−0.0222 **
(0.0095)

0.0014
(0.0030)

0.0481 ***
(0.0169)

−0.0035
(0.0027)

−0.0014
(0.0083)

−0.0223 **
(0.0098)

0.0016
(0.0025)

0.0487 ***
(0.0136)

Ln GOV −0.0036 *
(0.0021)

−0.0038
(0.0049)

−0.0252 ***
(0.0029)

−0.0001
(0.0030)

−0.0068
(0.0068)

−0.0022
(0.0025)

−0.0031
(0.0055)

−0.0267 ***
(0.0044)

0.0022
(0.0036)

−0.0097
(0.0093)

LogL 1380.1760 443.7616 286.5129 542.8184 129.2942 1380.0814 443.1522 286.6016 541.2971 129.4549
R2 0.2141 0.2466 0.3568 0.2146 0.4940 0.2083 0.2352 0.3541 0.1643 0.4958

Notes: *, **, and *** are significant at 10%, 5%, and 1% levels, respectively, and the values in brackets are
standard errors.

As shown in Table 6, after introducing relevant control variables, the coefficients of the
national, eastern, central, western, and northeastern regions were all negative. They passed
the significance test, indicating significant conditional β-convergence for DVI in China and
the four major regions. The LogL and conditional β-convergence models in China and four
regions were improved, showing that conditional β-convergence is more explanatory than
absolute β-convergence.

From the national perspective, the coefficient of the spatial error model (SEM) was
−0.2529, and the convergence rate was 2.083%, which is 1.83 percentage points higher than
that of absolute β-convergence. The three control variables of DEN, STR, and ECO all passed
the significance test. The coefficients were 0.0252, 0.0169, and 0.0330, respectively, which
indicated that rural population density, industrial structure, and economic development
level had significant positive effects on the convergence of DVI.

From the regional point of view, the coefficients of eastern, central, western, and
northeastern regions were all negative in terms of the spatial autoregressive model (SAR) or
spatial error model (SEM). Through the significance test, it shows that the four regional DVI
had conditional β-convergence. The ECO of the eastern region passed the significance test.
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The DEN, URB, ECO, OPE, and GOV in the central region passed the significance test. The
DEN, URB, and ECO in the western region passed the significance test. The DEN, STR, URB,
ECO, and OPE of northeast China passed the significance test. It shows that the driving
factors and convergence of digital village development in different regions are different due
to economic and social development heterogeneity. Therefore, it is necessary to formulate
digital village development policy-making and planning should be treated differently.

4. Discussion

Based on the panel data of China’s provinces from 2005 to 2018, we used the entropy
weight method to calculate China’s digital rural development index. On this basis, we
used the spatial autoregressive model (SAR) and spatial error model (SEM) to analyze the
spatial convergence of DVI. We found that: DVI shows an upward trend throughout the
study period, mainly from the local government’s policy support for rural development
and digital Internet technologies in China. China is the world’s most populous country
and once faced severe poverty in rural development. After 40 years of exploration and
rapid growth, China has entered a new phase of reform and opening-up [56]. China’s
National People’s Congress has proposed implementing a rural revitalization strategy to
broadly address the contradiction between people’s growing living needs and unbalanced
development, promoting rapid rural development [57]. In addition, China has the most
significant number of Internet users in the world, and the emergence of the Internet
has dramatically changed rural lifestyles and communication behaviors and positively
influenced the development of residential villages [58]. The Chinese government has also
issued policy documents to encourage the Internet to enter the countryside and create new
possibilities for rural economic development through Internet e-commerce [59]. Second,
China’s digital village development index as a whole showed a decreasing trend from the
eastern region to the western region throughout the study period, and the level of digital
village development in the east was higher than that in the west. Some eastern provinces
have high-high clustering, some western provinces have low-low clustering, and only a
few provinces have high-low aggregation or low-high clustering. This finding is consistent
with Huang et al. [60] and Song et al. [61] on Internet-related studies in China. This is
mainly due to economic factors and differences in infrastructure. The eastern region has a
higher economic level in general, followed by the central region, and the western region has
the lowest economic level. The acceptance and application of Internet digital information
technology are higher in areas with higher economic levels than in less economically
developed areas, and the construction of Internet infrastructure in villages requires higher
funding, and some villages in the western region have difficulty maintaining the cost of
installing Internet infrastructure due to lower economic levels [62]. Another critical factor
is population density. Eastern China has a high population density in the countryside and
a high degree of crowd gathering. In contrast, the less economically developed central
and western regions have a small population density in the country and a lack of people
utilizing the Internet and digital technology [63].

We also found that all four regions showed σ-convergence over the sample period,
and the Dagum Gini coefficient decomposition also indicated that the differences between
regions are gradually decreasing, which indicated that the differences in China’s digital
countryside index within the four regions gradually narrow. With the inter-regional
factors such as transportation channels, information networks, energy and electricity,
and technology flow channels in central and western China [64], the digital capacity
of each region’s villages can be promoted comprehensively, and the difference in the
development level of digital villages between regions is gradually reduced. Of course, we
analyzed the factors affecting digital rural development in China using an econometric
model. According to the findings, there is absolute β-convergence in the national, eastern,
and northeastern regions, and the conditional β-convergence results found that although
there are differences in the factors affecting the level of digital rural development in the
eastern, central, western, and northeastern regions, urbanization significantly affects the
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level of digital rural development in all four regions. In fact, according to the traditional
economic theory of urban–rural dual structure and gradient economic theory, most scholars
believe that most economic and social development occurs in urban areas with better
resource endowment advantages. Furthermore, the development of urbanization will have
a siphoning effect on the population and resources of villages [65–67], resulting in the
gradual loss of rural resources and the deterioration of rural development [68]. However,
with the continuous circulation of urban and rural factors in China, the interaction channel
between rural and urban areas has been widened through state macro-control, market
mechanism, and social dynamics [69], which can effectively increase the frequency and
rate of urban–rural exchanges and jointly guarantee the multi-directional circulation of
production factors. Moreover, this has become the fundamental driving force for rural
development [70,71].

5. Conclusions and Policy Recommendations

This study found that the level of digital village development in China is uneven
between regions, with considerable differences in development levels between provinces
and regions. However, the level of digital village development among provinces shows
an obvious aggregation effect, and the difference in the level of development among
regions is gradually decreasing. Moreover, over time, the development level of the digital
countryside between regions is converging toward their respective steady-state levels, and
this steady-state level depends on each province’s own characteristics. This means that
the steady-state level of the digital countryside in all provinces is different, so the digital
countryside development gap between provinces will persist. Therefore, in the process of
formulating the overall development policy of the digital countryside, it is necessary to
formulate a policy and development plan that is consistent with the development of each
region’s differentiated policies and development plans.

Based on the empirical research conclusions and relevant analysis, the specific policy
recommendations include the following aspects: we must attach great importance to the
spatial correlation and non-equilibrium characteristics of a country’s digital village devel-
opment. Due to the significant positive spatial correlation and agglomeration effect of the
development level of digital villages in China, the development level of digital villages in
each province is affected by neighboring provinces. Therefore, it is necessary to strengthen
exchanges and cooperation with adjacent regions and build a typical state through cross-
regional cooperation and exchanges. A comprehensive, multi-domain regional digital
village exchange and cooperation mechanism will be established, and the regional policy
synergy effect and the demonstration and leading role of high-level digital village areas
will be effectively brought into play. At the same time, attention should be paid to the
radiating and driving function of the “growth pole” in the development of inter-provincial
digital villages. Knowledge spillover, technology diffusion, and industrial linkage should
promote the flow and sharing of digital village development elements, such as cooperative
community to weaken and eliminate potential polarization. The government should focus
on the LL provinces in Moran’s I scatter plot to prevent these provinces from falling into the
path-dependence trap of being “locked” to a low level. For these provinces, it is necessary
to take the lead in cultivating several cities with foundation and development potential
and build them into the growth poles of the province’s digital villages. Development
has a radiating and driving effect, which enhances the level of digital rural development
in these provinces. Finally, due to differences in development foundations and resource
endowments, the development of digital villages in various country regions is uneven,
and the convergence situations in the country and the four major regions are also different.
Therefore, government departments should formulate digital village development policies
according to local conditions in light of their conditions. In addition to creating a good flow
of elements in the central, western, and northeastern regions, it is also necessary to improve
the total construction capacity of digital village development. Through a two-pronged
approach, the synergistic effect of regional and inter-provincial digital villages should
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be realized, and efficiency and fairness should be considered, which is conducive to the
development of digital villages.

Of course, although the current study confirms the potential contribution to the evalu-
ation of China’s digital countryside, there are still certain limitations that are expected to be
studied and addressed in the future. First, due to difficulties in data collection, especially
the lack of data from Taiwan Province, Hong Kong, and Macau, this paper only covers data
from 31 provinces and regions in mainland China, leading to incompleteness in the evalua-
tion of the development level of the digital countryside in China as a whole. Secondly, only
the factors affecting China’s digital countryside index are discussed econometrically, and
the current study lacks an evaluation of a more extensive scope or a more comprehensive
evaluation. Therefore, future work will expand the scope of the survey so that this research
can be more generalizable. We also used the entropy weight method to measure the index
weight of digital villages. However, this method is an objective weighting method that de-
termines the weight of decision-making indicators according to the amount of information
contained in each index value, so the evaluation results may be quite different from the
facts. In the future, the subjective weighting method should be appropriately combined to
determine the weight of evaluation indicators more scientifically.
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