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Abstract: The purpose of this paper is to clarify the convergence pattern of China’s regional
economies, explore the driving force of their coordinated development, and provide policy sug-
gestions for coordinated and high-quality development. We used nighttime light data from 1992
to 2020 and combined an exploratory spatial data analytical method and a log-t test of a nonlinear
time-varying factor model to identify the spatial convergence clubs of regional economic growth and
the economic growth drivers of different clubs based on a spatial econometric model. We found that
the eastern region is strong while the development of the central, western, and northeastern regions
follows China’s long-term trend. Three high-level economic clubs (Shanghai, Jiangsu, and Zhejiang
belong to Club 1; Shandong, Hebei, Anhui, Henan, and Liaoning belong to Club 2; Hainan, Fujian,
and Guangdong belong to Club 3) have formed in the eastern coastal and central regions, while a
low-level one (Inner Mongolia, Hubei, Chongqing, Qinghai, Guizhou, Sichuan, Guangxi, Yunnan,
Xizang, Shaanxi, Gansu, Hunan, Ningxia, Xinjiang, Jiangxi, Heilongjiang, and Jilin) has formed in
the central, western, and northeastern regions. Beijing, Tianjin, and Shanxi are not convergent. The
coordinated development of these regions requires improving the levels of economic growth in the
western and northeastern regions to give full play to the role of the Yangtze River Delta as a growth
pole and its economic radiation capacity. An analysis of the influence mechanism and spatial spillover
effects shows that industrial development and market vitality are the most important driving forces
for economic growth. For the low-level club, service industry development, human capital, and
resource consumption are also key factors for achieving sustained and stable economic growth.

Keywords: spatial club convergence; economic growth; nighttime light; spatial spillover effects; log-t
test; SDM

1. Introduction

In recent years, changes in the global economic environment, COVID-19, and other
unexpected factors have led China’s economic development to face three pressures: de-
mand contractions, supply shocks, and weakening expectations. In December 2021, the
Central Economic Work Conference put forward the economic development keynote of
maintaining economic stability while making progress. At the national teleconference of
May 2022 on stabilizing the economy, Premier Li Keqiang once again emphasized steady
economic growth as the focus of the next stage. Considering the changes in the internal and
external environments as well as the requirements for economic development, the effective
implementation of regional policies and utilization of regional economic momentum has
become one of the most effective ways to stabilize macroeconomic development. Defining
development trends and mechanism of growth in regional economies can not only test
the effects of regional policies and utilize the momentum of macroeconomic development
but can also provide a prerequisite for the further formulation and implementation of
regional policies.

The narrowing of regional differences and continuation of regional economic growth
are the key objects of research on regional economics. The existing macroeconomic models
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mainly discuss these issues with respect to the convergence of economic growth [1]. Since
the 1990s, China’s regional economy has mainly manifested as club convergence [2]. Re-
searchers have discussed the convergent trend of the four major economic regions—eastern,
central, western, and northeastern [3]—which basically conforms to the regional policy
layout during this period. Since China has been faced with changes in the global trade
structure and adjustments to the industrial divisions of labor since 2012, China’s regional
policies have been moving towards a new path of coordinated development by strength-
ening regional cooperation and narrowing the economic gaps between the regions. In
addition to emphasizing the coordinated development of the four major regions, it also
focuses promoting regional development strategies, such as the “Coordinated development
of the Beijing-Tianjin-Hebei Region” and the “Integration of the Yangtze River Delta” [4].
In 2018, a coordinated regional development strategy was implemented as a major national
strategy. What is the convergent trend of China’s regional economic development arising
from the new policy? Does this trend agree with the regional policy layout for the coordi-
nated development of various sectors and economic zones? What are the mechanisms that
drive the economic growth of different convergence trends?

To answer these questions and put forward feasible suggestions for promoting regional
coordinated development and guaranteeing the stable economic growth of different regions,
we used China’s provincial economic data in an exploratory spatial data analysis combined
with a log-t test based on a nonlinear time-varying factor model to find spatial convergence
clubs. Then, we explored the key driving forces of the economic growth of each club by
using a spatial econometric model. We chose nighttime light (NTL) data from 1992 to
2020 as proxy variables for the regional economic levels because NTL is a unique surface
landscape phenomenon, which has produced rich results for research on regional economic
issues in China during recent years and has provided a reliable reference as a proxy of
regional economic quality.

The remainder of this paper is arranged as follows. Section 2 reviews the literature
on economic convergence and discusses the content, methods, and perspectives. Section 3
introduces the data and methods, including the correction and combination of NTL data, the
identification method for spatial convergence clubs, and the data on the influencing factors.
Section 4 discusses the results of the empirical test, including those of club convergence,
and the analysis of the influencing factors. Section 5 presents the conclusion, discusses the
results, and provides policy recommendations.

This work contributes to the literature in the following four ways. First, the combina-
tion of exploratory spatial data analysis and a log-t test based on a nonlinear time-varying
factor model helps enrich the framework of spatial convergence identification. Second, the
establishment of a spatial weight matrix with adjacency, distance, and economy can not
only clarify the influences of different factors on regional spatial correlation but can also
prove the stability of the convergence results of spatial clubs. Third, the identification of
regional economic convergence patterns and the exploration of regional economic develop-
ment momentum will help to promote better coordinated and higher quality development
of China’s regions. Fourth, this study will broaden the source channels of economic growth
substitution variables, which would be of great significance for exploring the characteristics
and reliability of NTL data as economic indicators.

2. Literature Review

Regional economic growth not only depends on its own factor inputs but also the
economic factors of adjacent spatial units. Recognition of the importance of spatial factors
and the development of new theories in economic geography have led to the concept of
spatial convergence clubs, which emphasizes the influences of adjacent spatial units on
economic growth factors. Foreign studies have focused on the speed and steady-state levels
of spatial convergence clubs within a country, and the regions above the country [5,6].
Domestic research has focused on spatial convergence tests based on a global scope [7].
The research perspective has gradually developed from the convergence of economic
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levels to the convergence of total factor productivity [8], economic growth quality [9],
and green economics [10,11]. In addition, a large number of studies use NTL data as
proxy variables for economic levels [12], thereby forming more objective and reliable
conclusions as well as suggestions for the study of regional economic convergence, and also
enriching empirical tests of regional economic coordination and high-quality development.
More scholars have focused on testing the convergence of specific regions in China, e.g.,
the interactions among the eastern, central, and western regions, or between the coastal
and inland regions. They have also focused on exploratory spatial data analysis and
groupings of spatial correlation measures [13]. Some scholars have also discussed the club
convergences of regional economies at different regional scopes. For example, Li et al.
discussed the economic convergences of county-level regions [14], whereas Zhang et al.
discussed those of prefecture-level cities [15]. Some studies have proved the significance
of inter-regional spillover effects on economic convergence [1]. In addition to significant
convergent trends, the spatial spillover effects within a region have different characteristics
and convergence rates. In addition to the traditional indicators, such as technology, capital,
and labor, scholars studying the influence mechanism of economic growth have begun to
pay attention to the influences of regional policies and industrial structures on regional
economic growth. China’s economic liberalization and marketization have accelerated its
economic growth, so the influences of foreign direct investment (FDI) and other factors
on the spatial convergences of regional economic growth have also become the focus of
investigation [16].

On the whole, tests for spatial convergence clubs should first group regions and
then test the convergence of each group. Two methods exist for grouping regions. The
first method is the direct use of specific regional blocks as early groupings. However,
this artificial standard limits possible convergences between regions and may lead to
disconnections or deviations between China’s regional coordinated development and
actual development trends. The second method is based on exploratory spatial data
analysis, which uses spatial correlation measures. Regional combinations with four spatial
correlation patterns are obtained by local Moran’s I indices. This grouping method has
been widely used in recent studies [17,18]. The identification of economic convergence uses
panel unit root tests, income distribution evolution, Markov chains, and σ convergence,
but the most commonly used convergence test method is a spatial econometric model of
the annual growth rates and levels of economic development in an initial year to evaluate
the β convergence in a region by checking if the coefficients of the economic variables in
the initial year are significantly negative [19,20]. However, because of the characteristics
of China’s economy during the transition period, the multiple equilibrium growth of
regional economies and the heterogeneity of convergence speeds, these methods have
certain limitations. For example, β convergence ignores the stationarity of data [21], σ
convergence cannot reflect the possible nonlinear convergence characteristics [22], the test
power of random convergence is relatively weak [23], and Markov chain theory requires
the stability of Markov processes [24].

As a convergence test, a log-t test based on a nonlinear time-varying factor model
proposed by Phillips and Sul is more suitable for testing regional economic convergence
in China. Phillips and Sul developed a model of convergence clubs by clustering cross-
sectional individuals in a panel by testing for σ convergence [19]. Tian et al. [25], Zhang
et al. [26], and Xiao et al. [26] adopted this method to identify convergences of economic
growth among provincial-, municipal-, and county-level administrative units and to an-
alyze the convergences and differences in regional economic growth. In general, this
model is more suitable for testing regional economic convergence in China because of
its applicability to convergence problems in transitional economies. Therefore, we firstly
used exploratory spatial data analysis to find groups with spatial correlations and then we
used a log-t test of a nonlinear time-varying factor model to identify the convergence of
these groups as well as check if the convergent members of each group have both spatial
correlation and temporal convergence to form a spatial convergence club.
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3. Data and Methods
3.1. Club Identification and Influence Mechanism Exploration

In this study, exploratory spatial data analysis and a log-t test of a nonlinear time-
varying factor model were combined to identify the spatial convergence of clubs; then, a
spatial econometric model was used to find the influencing factors of a club’s economic
growth. Spatial spillover effects depend not only on geographical location [27] but also
on regional economic links. Therefore, an exploratory spatial data analysis based on the
three spatial weight matrices of adjacency (w1), geographical distance (w2), and economic
distance (w3) was conducted to explore the spatial correlations of regional economies.
Where a spatial weight matrix is n*n symmetric, the value of element wij in w1 is defined as:

wij =

{
1, region i and region j are adjacent

0, region i and region j are not adjacent

The value of wij in w2 is defined as wij =
1

dij
, where dij represents the spatial distances

between regions, and in w3 is defined as wij = 1
|Yi−Yj| (i 6= j), where Y represents the

economic level of a region.
For an early grouping of the spatial convergence club, the regions were categorized

into four types according to local spatial correlations comprised of combinations of high-
or low-level economic development with high- or low-level neighborhoods (HH, HL, LH,
and LL).

For the test of club convergence, Phillips and Sul (2007) was used as a reference [19],
in which a log-t test based on a nonlinear time-varying factor model was used to find the
convergence members of a regional group:

yi(t) = δi(t)µ(t) (1)

where yi(t) represents the time series of economic growth, µ(t) is the common factor,
and δi(t) is the time-varying parameter containing the disturbance term, which expresses
the change in individual heterogeneity over time. Firstly, the relative transfer coefficient,
which is also called the relative transition path, is defined to eliminate the common factors
among individuals so that only the time-varying characteristics of individual heterogeneity
are retained:

hi(t) =
yi(t)

1
N ∑ N

j=1yj(t)
=

δi(t)
1
N ∑ N

j=1δj(t)
(2)

Then, a semi-parametric model is constructed:

δi(t) = δi + σiξi(t)/(L(t)tα) (3)

where δi is fixed and does not change with time, σi is the scale parameter of heterogeneity,
ξi(t) is i.i.d. (0, 1), and L(t) is a slowly changing function that increases and diverges at
infinity. L(t) = log(t + 1) is used in this paper and α is the decay rate by regression in the
following equation:

log(
H1

Ht
)− 2 log L(t) = ĉ + b̂ log t + µ̂t (4)

The null hypothesis of convergence is tested as follows:
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be discarded in the regression so that the test is focused on the trend of the later time series.

Ht = (1/N)∑
N

i = 1
(hit − 1)2, hit is the relative transition path in Equation (2) and b̂ = 2α̂,

and α̂ are the least-squares estimation in
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In the combination of the exploratory spatial data analysis with the log-t test, the
convergence members of each group have both spatial correlation and temporal conver-
gence, thus forming a spatial convergence club. To test the convergence mechanism of the
economic growth of different clubs, we combined the spatial lag model (SLM), spatial error
model (SEM), and spatial Durbin model (SDM), which are commonly used in empirical
analyses [28] to test the spatial spillover effect mechanism and to select the appropriate
model for estimation and analysis in accordance with the LM and LR test results.

3.2. Data Sets
3.2.1. NTL Data

The mean value of NTL in the 31 provincial-level regions of mainland China from
1992 to 2020 was used as the variable for the economic level. NTL consists of the global
night luminescence remote sensing images (DMSP/OLS) from 1992 to 2013 captured by
the operational line scanning sensor of the United States National Defense Meteorological
Satellite Program. The new generation of noctilucent-sensor-visible near-infrared imaging
radiation sensors (NPP/VIIRS), which was announced in 2012, is equipped with national
polar-orbiting satellites to obtain NTL. This paper refers to [29] with regard to the constant
target area method for the correction of light data combined with the 1:4 million vector
topographic map of Chinese local administrative districts provided by the National Basic
Geographic Information Center. The DMSP/OLS stable light data of 31 provincial-level
administrative regions in China (excluding Hong Kong, Macao, and Taiwan) from 1992
to 2013 were subjected to mutual correction and saturation correction to obtain the DN
value of each pixel after correction and then the mean value of the annual night lights in
each region was extracted. Following [30], we transformed the monthly NPP/VIIRS data
from 2012 to 2020 using an Albers projection coordinate system resampled to a 0.5 km
spatial resolution by the nearest approach method and filtered out negative, maxima, and
missing values to eliminate noise from light detection data associated with fires, gas flares,
volcanoes, and background noise. Monthly data were averaged to synthesize annual data
by using a raster calculator to extract regional light averages.

Because DMSP/OLS and NPP/VIIRS have obvious differences in resolution, digital
features, and pixel value range, most studies on light data use only one type of data for
analysis. With the progress of technical means in recent years, some studies [31] have
integrated two kinds of data and used longer time series to realize comparability and
continuity, thus bringing convenience to the application of NTL. Following Si Lijuan et al.
(2021) [32], this study established a regression relationship based on the coincidence periods
(2012 and 2013) of two types of NTL data and found that the quadratic term regression
equation of the two types of NTL in 2012 was more significant:

DMSP = −0.4972 ∗ NPP2 + 12.2 ∗ NPP + 0.9285 (6)

where the goodness of fit was 0.984. This equation was used to convert the NPP/VIIRS data
of 2012 into DMSP/OLS data. In accordance with the quantitative relationship between the
NPP/VIIRS data from 2012 to 2020, the NPP/VIIRS data from 2013 to 2020 were converted
into DMSP/OLS data and finally combined with the DMSP/OLS data from 1992 to 2013 to
obtain the mean NTL data from 1992 to 2020.
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3.2.2. Influencing Factor Data

Regional economic growth theory states that industrial structure, capital investment,
labor force, and level of technological development are the main factors affecting economic
development [33]. The neoclassical model emphasizes population growth, scientific and
technological innovation, and other related indicators. The endogenous growth model
emphasizes human capital and other indicators. Previous studies [34,35] that focused
on the factors affecting the spatial convergence of regional economic growth have been
used for reference and the characteristics of China’s economic development have been
comprehensively considered in our study to examine the mechanism of regional club
convergence along the seven dimensions of capital input, population growth, scientific and
technological innovation, industrial structure, market vitality, economic liberalization, and
resource consumption. Capital input is divided into physical and human types. Pursuing
the objectives of our research and following the experiences of our predecessors [36–38], we
adopted the total amount of fixed asset investment ( f ai) as the indicator of physical capital
investment and the number of employed people (lab) as the indicator of human capital
investment. Population growth is measured by annual population growth (pop), which is
common in most studies. The index of scientific and technological innovation is measured
by the number of invention patents granted (npg). The proportions of the output values of
the secondary (gdp2) and tertiary (gdp3) industries in GDP are variables representing the
industrial structure. Market vitality is measured by total retail sales of consumer goods
(scg). The index of economic liberalization is measured by FDI ( f di). Energy consumption
is measured by power consumption (ec). All data have been taken from the China Statistical,
Regional Statistical, and China Energy Statistical Yearbooks (1992–2020). The descriptive
statistics of each variable are shown in Table 1.

Table 1. Descriptive statistics of each variable.

Variable Unit Mean SD Min Max

l 9.695 15.074 0.004 94.245
f ai ten thousand yuan 5.14 × 107 9.64 × 107 3000 5.89 × 108

lab ten thousand
people 2095.573 1527.891 93.09 7150.25

pop ‰ 8.541658 4.923464 −1.9 23.6
npg item 14,992.34 48,885.81 1 709,700
gdp2 % 42.4256 10.5275 11.9 77.4
gdp3 % 37.07453 11.72855 13 83.8
scg ten thousand yuan 3.11 × 107 5.72 × 107 24,500 4.30 × 108

f di thousand dollars 312,670.9 887,633.1 2 1.59 × 107

ec million
kilowatt-hours 764.3247 1062.531 1.12 6940

4. Results
4.1. Spatial Correlation
4.1.1. Global Spatial Correlation

The global Moran’s I indices of the NTL for 31 regions are shown in Figure 1. The
indices present overall upward trends. After neighboring, distance, and economic factors
have been taken into account, the indices under the matrices are significant and indicate
significant spatial correlations among the regions. In contrast, the index based on the
adjacency weight matrix for 1992 to 2020 was the highest (0.579 to 0.667), followed by the
geographical distance weight matrix (0.321 to 0.430), whereas the lowest (0.125 to 0.220)
was based on the economic distance weight matrix, thus indicating that the economic
correlations between geographically adjacent areas are the strongest and exceed the spatial
correlation caused by distance and economic factors.
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Figure 1. Global Moran’s I indices of 31 regions based on different weight matrices from 1992–2020.

4.1.2. Local Spatial Correlations

We calculated the local Moran’s I indices of the NTL of the 31 regions for each year
under different weight matrices and obtained Moran’s I scatter diagram, which depicted
the HH, LH, LL, and HL types of regions in each year. Table 2 shows the partition results
of the four types in 1992, 2006, and 2020 for each weight matrix. Most regions are in the
HH and LL groups, which indicates positive correlations between regional economies.
Although the regions belonging to all groups are different under different weight matrices,
the regions belonging to the high (HH or HL group) and low (LH or LL group) levels
of economic development are completely consistent. The beginning of the time series in
1992 had 16 high-level and 15 low-level regions, whereas the end of the time series in 2020
had 14 high-level and 17 low-level regions, thus reflecting the trend of regional economic
changes in a few areas. There are two regions, Hubei and Jilin, that have transitioned from
the high-level group to the low-level group, but this transition does not mean that the NTL
in Hubei and Jilin have decreased; however, under the precondition that the NTL levels in
all regions have increased, Hubei and Jilin have jumped to a relatively low-level group.

Table 2. Results of local spatial autocorrelation groups under different weight matrices.

Year HH LH LL HL

w1

1992 BJ, TJ, SH, JS, ZJ, HI, HE, FJ,
SD, AH, HB, HA, SX, LN IM, JX, HN

HL, GX, CQ, SC, GZ,
YN, XZ, SN, GS, NX,
QH XJ

JL, GD

2006 BJ, TJ, SH, JS, ZJ, HI, HE, FJ,
SD, AH, HA, SX, GD IM, HN, HB, GX, JX QH, CQ, SC, GZ, YN,

XZ, GS, NX, HL, XJ, JL SN, LN

2020 BJ, TJ, SH, JS, ZJ, HI, FJ, SD,
HE, AH, HA JX, HB

QH, GX, SC, GZ, YN,
XZ, SN, GS, HN, NX, XJ,
CQ, JL, IM, HL

GD, LN, SX

w2

1992 SH, JS, ZJ, HE, FJ, SD, AH,
HA, SX, BJ, TJ, LN, JL JX, IM, HL

QH, GX, SC, GZ, YN,
XZ, SN, GS, HN, NX,
CQ, XJ

HB, HI, GD

2006 BJ, TJ, SH, ZJ, JS, LN, SD,
HE, FJ, AH, HA, SX HB, JL, JX, IM

GX, SC, GZ, YN, XZ, SN,
GS, NX, CQ, XJ, QH,
HN, HL,

GD, HI

2020 BJ, TJ, SH, ZJ, JS, SD, FJ, HE,
AH, HA, SX JX, IM, HB

HL, GX, SC, GZ, YN, XZ,
SN, GS, NX, XJ, JL, QH,
CQ, HN

GD, HI, LN,
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Table 2. Cont.

Year HH LH LL HL

w3

1992 BJ, TJ, SH, JS, ZJ, HE, FJ, SD,
HI, GD, LN, JL QH, IM, CQ, XJ, HL JX, GX, GZ, YN, XZ, SN,

GS, NX, HN, SC, HB, HA, AN, SX

2006 BJ, TJ, SH, JS, ZJ, GD, SD,
LN, HI, FJ HB, IM, CQ, JL, QH, XJ HL, JX, GX, GZ, YN, XZ,

SN, GS, NX, SC, HN HE, HA, AH, SX

2020 BJ, TJ, SH, JS, ZJ, GD, SD,
LN, HI, FJ JL, HB, IM, CQ

HN, QH, HL, JX, GX,
GZ, YN, XZ, SN, GS, NX,
XJ, SC

SX, HA, HE, AH,

The geographic distribution of the high-level regions in Figure 2 shows that they had
gradually shrunk from the eastern and the central regions to the eastern regions while
the economic advantage of the northeastern region had gradually disappeared. At the
beginning of the time series, the high-level regions included 10 eastern regions (Beijing,
Tianjin, Hebei, Shandong, Jiangsu, Shanghai, Zhejiang, Fujian, Guangdong, and Hainan),
4 central regions (Shanxi, Henan, Anhui, and Hubei), and 2 northeastern regions (Jilin
and Lining). In 2006, Hubei and Jilin became low-level and Liaoning remained the only
high-level region among the three northeastern regions while Shaanxi developed into a
high-level region. In 2020, Shaanxi returned to being a low-level region, thus forming a
high-level regional group dominated by eastern coastal regions and a small number of
central regions, whereas a low-level group was dominated by the central, western, and
two northeastern regions. The economic growth of most regions showed positive spatial
correlations from 1992 to 2020, with geographically adjacent high- and low-level regions
being clustered and distributed, respectively. Therefore, spatial club convergences between
both these regions are highly likely.
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Figure 2. Regional distributions of regions with high and low levels of economic development.

4.2. Space Club Identification

This study treated the high- and low-level regions as spatial groups to conduct a log-t
test on their NTL of 2020 and identify the latest trend in the spatial convergence of their
economies. In the high-level group, Beijing and Shanxi do not converge; the remaining
12 regions converge in two clubs of which the transition path is shown in Figure 3 (top).
Four regions (Tianjin, Shanghai, Jiangsu, and Zhejiang) are in high-level Club 1 and eight
regions (Hainan, Hebei, Fujian, Shandong, Anhui, Henan, Guangdong, and Liaoning) are
in the high-level Club 2. However, in accordance with the requirement of geographical
proximity for a spatial convergence club, Tianjin was excluded from high-level Club 1,
which included only Shanghai, Zhejiang, and Jiangsu. High-level Club 2 was also divided
into two clubs, which are Club 2 (Hebei, Shandong, Anhui, Henan, and Liaoning) and
Club 3 (Hainan, Fujian, and Guangdong), respectively, in accordance with the clustering
characteristics of geographical locations. For the low-growth areas belonging to the LL and
LH groups, 17 regions (Hubei, Henan, Chongqing, Qinghai, Guangxi, Sichuan, Guizhou,
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Yunnan, Xizang, Shaanxi, Gansu, Inner Mongolia, Ningxia, Xinjiang, Jiangxi, Heilongjiang,
and Jilin) converge in the same club of which the transition path is shown in Figure 3
(bottom). Finally, in accordance with the log-t test and spatial locations of the accumulation
characteristics, the remaining 28 provincial-level regions, except Beijing, Shanxi and Tianjin,
are divided into four spatial convergence clubs.
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4.3. Influence Mechanism of Economic Growth of Clubs
4.3.1. Influential Factors of High-Level Economic Club

The three high-level clubs contain a total of 11 regions, whose influencing factors
on the economy were tested. Moran’s I indices of the three weight matrices are 0.340,
0.196, and 0.334, respectively, which are significant at a 1% level and further prove a strong
spatial correlation. The LM test results in Table 3 show that SEM should be selected under
w1, whereas SLM should be selected under w2 and w3. SDM analysis was also used
as a robustness test for comparison. Although the Hausman test’s results under some
models were negative, we chose a fixed effect (FE) estimation model for two reasons. First,
according to Lian Yujun, a Hausman test’s negative results can warrant the rejection of the
null hypothesis [39], so FE should be used for estimation. Second, according to previous
spatial econometric studies, each sample represents itself and all samples constitute the
overall research object, which would not suit random sampling but FE would be more
suitable. Therefore, we chose the time-individual double-FE estimation.

For different weight matrices, the estimation results of the corresponding models are
also shown in Table 3. (1) The influence factors in the weighting matrix, such as scientific
and technological innovation, industrial proportion, social consumption, and power con-
sumption, have stronger significance and consequently have positive influences on the
level of economic growth, whereas the rate of population growth has negative influences.
The absolute values of the coefficients of industry proportion and social consumption and
power consumption are higher, which indicates that their influences are stronger. (2) The LR
test values of SDM under each weight matrix are positive and all pass the significance test
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of 1%, so the null hypothesis can be rejected, i.e., the SDM cannot be simplified, which indi-
cates that it could obtain more accurate estimation results. In addition, the log-likelihood
value indicates that SDM would have a better data fitting effect under each weight matrix.

Table 3. Empirical test of high-level economic space club.

Weight Matrices w1 w2 w3

Model Selection SEM SDM SLM SDM SLM SDM

lnfai −0.022 −0.036 −0.025 0.005 0.002 0
(0.022) (0.022) (0.023) (0.018) (0.019) (0.019)

lnlab −0.12 −0.062 −0.073 −0.191 ** −0.008 0.205 **
(0.094) (0.096) (0.088) (0.083) (0.071) (0.097)

pop −0.011 ** −0.011 ** −0.009 * −0.023 *** −0.011 *** −0.015 ***
(0.005) (0.005) (0.005) (0.004) (0.004) (0.005)

lnnpg 0.045 *** 0.032 *** 0.056 *** 0.052 *** 0.027 *** 0.01
(0.013) (0.012) (0.012) (0.010) (0.010) (0.010)

lngdp2 0.489 *** 0.585 *** 0.431 *** 0.231 ** 0.245 ** 0.296 **
(0.135) (0.127) (0.137) (0.115) (0.110) (0.117)

lngdp3 0.025 0.189 0.055 −0.029 −0.081 −0.104
(0.142) (0.125) (0.141) (0.112) (0.114) (0.119)

lnscg 0.273 *** 0.208 *** 0.313 *** 0.396 *** 0.210 *** 0.103
(0.069) (0.062) (0.067) (0.053) (0.054) (0.064)

lnfdi −0.013 −0.015 −0.013 −0.045 *** −0.015 −0.002
(0.012) (0.013) (0.013) (0.011) (0.010) (0.011)

lnec 0.270 *** 0.270 *** 0.252 *** 0.158 *** 0.239 *** 0.205 ***
(0.046) (0.049) (0.046) (0.040) (0.037) (0.043)

w*lnfai −0.005 −0.097 ** 0.035
(0.042) (0.046) (0.096)

w*lnlab 0.223 0.179 1.267 ***
(0.146) (0.159) (0.387)

w*pop 0.042 *** −0.012 0.011
(0.011) (0.011) (0.021)

w*lnnpg 0.032 * 0.152 *** −0.100 ***
(0.017) (0.022) (0.025)

w*lngdp2 −1.037 *** −1.562 *** −0.715 **
(0.235) (0.264) (0.310)

w*lngdp3 −0.02 −0.279 −0.949 ***
(0.203) (0.247) (0.305)

w*lnscg 0.192 * 0.487 *** −0.453 **
(0.114) (0.135) (0.188)

w*lnfdi −0.02 0.024 0.038
(0.022) (0.030) (0.042)

w*lnec −0.022 −0.223 ** −0.162
(0.076) (0.098) (0.166)

sigma2_e 0.011 *** 0.008 *** 0.112 *** 0.006 *** 0.007 *** 0.006 ***
Log-likelihood 264.984 313.744 263.996 7363.495 307.658 334.134
R-sq 0.88 0.893 0.883 0.902 0.857 0.423
LMERR 1.771 6.409 ** 4.537 **
R-LMERR 5.004 ** 20.467 *** 16.770 ***
LMLAG 0.032 47.727 *** 24.801 ***
R-LMLAG 3.266 * 61.785 *** 37.034 ***

Note: *, **, and *** indicate significance at the levels of 10%, 5%, and 1%, respectively.

To explain more accurately the direct effect of each influencing factor on regional NTL
growth and the spatial spillover effects between regions, we decomposed the spatial effect
of SDM under the time-individual double-fixed effect through a partial differential method.
The direct and indirect effects represent the influences of each explanatory variable in a
region on the NTL of the region itself and the neighboring region, respectively. The total
effect is the sum of both effects. Table 4 shows that: (1) Both fixed capital investment and
rate of population growth have negative direct and indirect effects, which indicate that these
two factors have negative effects on the economies of the local and neighboring regions.
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(2) The number of employed people has negative direct effects but no spatial spillover
effects and the total effect was not significant. (3) Industrial proportion, social consumption,
and power consumption have positive effects on local economic growth, indicating that
these factors can have significant and important influences on promoting regional economic
growth. However, their spatial spillovers are different. Industrial proportion has a negative
coefficient under w1, w2, and w3, indicating that it has negative spatial spillover effects on
the levels of economic development in adjacent regions with similar geographical distances
and similar economies. Social consumption and power consumption have no spatial
spillover effects. (4) FDI has positive spatial spillover effects on the levels of economic
development in adjacent regions with similar geographical distances.

Table 4. Direct, indirect, and total effects of SDM model of high-level economic spatial club.

Model
Matrix

Direct Effects Indirect Effects Total Effects
w1 w2 w3 w1 w2 w3 w1 w2 w3

lnfai −0.064 ** −0.043 * −0.029 −0.210 *** −0.352 *** −0.057 −0.274 *** −0.395 *** −0.086
(0.028) (0.023) (0.025) (0.063) (0.078) (0.072) (0.083) (0.090) (0.079)

lnlab −0.229 ** −0.213 ** −0.205 * 0.355 0.302 −0.173 0.126 0.09 −0.378
(0.100) (0.091) (0.112) (0.236) (0.296) (0.436) (0.284) (0.329) (0.507)

pop −0.025 *** −0.022 *** −0.019 *** −0.013 −0.038 *** −0.028 ** −0.038 ** −0.060 *** −0.047 ***
(0.005) (0.004) (0.005) (0.012) (0.013) (0.012) (0.015) (0.015) (0.013)

lnnpg 0.015 0.013 0.033 *** 0.002 0.034 −0.096 ** 0.017 0.047 −0.064 **
(0.013) (0.011) (0.012) (0.027) (0.032) (0.025) (0.035) (0.037) (0.027)

lngdp2 0.405 *** 0.359 *** 0.344 ** −0.783 *** −1.775 *** −1.249 *** −0.378 −1.417 *** −0.905 ***
(0.137) (0.121) (0.141) (0.299) (0.351) (0.294) (0.377) (0.417) (0.293)

lngdp3 0.113 −0.031 0.118 0.518 * −0.307 −0.229 0.631 * −0.338 −0.111
(0.139) (0.124) (0.140) (0.303) (0.361) (0.273) (0.378) (0.424) (0.293)

lnscg 0.242 *** 0.272 *** 0.346 *** 0.155 0.169 0.133 0.398 *** 0.440 *** 0.479 ***
(0.062) (0.057) (0.066) (0.113) (0.123) (0.098) (0.129) (0.128) (0.109)

lnfdi 0.018 0.008 −0.005 0.075 ** 0.192 *** 0.043 0.093 ** 0.200 *** 0.038
(0.016) (0.013) (0.014) (0.035) (0.047) (0.041) (0.046) (0.055) (0.042)

lnec 0.225 *** 0.227 *** 0.243 *** −0.085 −0.06 −0.129 0.14 0.167 0.114
(0.048) (0.042) (0.046) (0.099) (0.121) (0.104) (0.122) (0.136) (0.113)

Note: *, **, and *** indicate significance at the levels of 10%, 5%, and 1%, respectively.

For the direct effects, the coefficient of industry proportion is the largest, indicating
that industrial development is the most important direct factor affecting regional economic
growth. The second most important factors are social consumption and power consumption.
Regardless of the weight matrix, these factors play significant roles in promoting regional
economies. However, fixed capital investment, the number of employed people, and the
rate of population growth are negatively affected. For the indirect effects, FDI under w1
and w2 are significantly positive, indicating that FDI has positive spatial spillover effects
on the economic growth of the surrounding areas. A region’s fixed capital investment
and industrial structure would have siphon effects that inhibit economic growth in the
surrounding areas.

4.3.2. Influence Factors of Low-Level Economic Club

For the low-level economic club, Moran’s I indices under the three weight matrices
were 0.538, 0.372, and 0.206 respectively, which were significant at a 1% level and indicated
very significant positive correlations among the 17 low-level regions. The LM test results
under different weight matrices are shown in Table 5. The results show that SLM should
be selected under w1, w2, and w3. A spatial Durbin model was used as a robustness
test for comparison. In accordance with the representativeness of the research objectives
and the results of the Hausman test under different interaction effects, we chose the
time-individual double-fixed effect model. For different weight matrices, the estimation
results of the corresponding models show that: (1) In addition to fixed capital investment
and population growth rate, the other factors are significant and the regression results



Sustainability 2022, 14, 12820 12 of 17

under different weight matrices are consistent in the number of employees, industrial
share, service share, social consumption, and power consumption, having positive effects
on economic development, while patent authorization has negative effects on economic
development. (2) The LR test and log-likelihood value show that SDM had a better fitting
effect than SLM.

Table 5. Empirical test of low-level economic space club.

Weight Matrices w1 w2 w3

Model Selection SLM SDM SLM SDM SLM SDM

lnfai 0.025 0.034 0.032 0.035 0.012 −0.009
(0.033) (0.034) (0.035) (0.035) (0.034) (0.035)

lnlab 0.428 *** 0.097 0.599 *** 0.383 *** 0.634 *** 0.624 ***
(0.120) (0.136) (0.122) (0.125) (0.120) (0.122)

pop −0.012 0.001 −0.015 −0.019 * −0.013 −0.005
(0.010) (0.010) (0.010) (0.011) (0.010) (0.010)

lnnpg −0.106 *** −0.086 *** −0.109 *** −0.102 *** −0.099 *** −0.134 ***
(0.023) (0.023) (0.024) (0.024) (0.024) (0.026)

lngdp2 1.675 *** 1.947 *** 1.620 *** 2.019 *** 1.584 *** 1.389 ***
(0.138) (0.146) (0.143) (0.156) (0.142) (0.146)

lngdp3 0.676 *** 0.922 *** 0.679 *** 0.932 *** 0.796 *** 1.102 ***
(0.196) (0.191) (0.203) (0.198) (0.202) (0.202)

lnscg 0.215 *** 0.304 *** 0.180 ** 0.201 ** 0.188 *** 0.201 **
(0.079) (0.081) (0.083) (0.085) (0.081) (0.081)

lnfdi −0.062 *** −0.039 ** −0.077 *** −0.067 *** −0.075 *** −0.077 ***
(0.017) (0.018) (0.018) (0.017) (0.017) (0.017)

lnec 0.294 *** 0.235 *** 0.329 *** 0.288 *** 0.325 *** 0.358 ***
(0.047) (0.053) (0.049) (0.052) (0.048) (0.049)

w*lnfai 0.03 0.007 −0.054
(0.083) (0.073) (0.071)

w*lnlab 1.565 *** 0.787 ** −0.486
(0.346) (0.311) (0.350)

w*pop −0.007 −0.082 *** −0.033
(0.022) (0.027) (0.025)

w*lnnpg 0.087 0.211 *** −0.249 ***
(0.057) (0.066) (0.072)

w*lngdp2 0.967 *** 2.139 *** 1.051 ***
(0.321) (0.399) (0.322)

w*lngdp3 1.291 *** 2.809 *** 1.811 ***
(0.379) (0.573) (0.476)

w*lnscg −0.136 −0.211 *** −0.999 ***
(0.159) (0.138) (0.228)

w*lnfdi −0.081 ** −0.203 −0.029
(0.041) (0.045) (0.039)

w*lnec 0.303 *** 0.112 *** −0.327 **
(0.117) (0.131) (0.148)

sigma2_e 0.064 *** 0.057 0.069 *** 0.061 *** 0.068 *** 0.059 ***
Log-likelihood −30.407 5.995 −46.404 −11.713 −39.896 −5.933
R-sq 0.766 0.809 0.753 0.774 0.733 0.485
LMERR 26.713 *** 0.218 0.093
R-LMERR 20.869 *** 25.642 *** 4.989 **
LMLAG 117.819 *** 12.648 *** 3.011 *
R-LMLAG 111.976 *** 38.072 *** 7.907 ***

Note: *, **, and *** indicate significance at the levels of 10%, 5%, and 1%, respectively.

The SDM under the time-individual double-fixed effect was decomposed into spatial
effects through partial differentiation. Table 6 shows that: (1) The number of employees,
industrial development, service industry development, social consumption, and power
consumption can not only have positive effects on economic development but also can
influence the surrounding areas by spatial spillover effects. The number of employees
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brings positive spillover effects to the economic growth of neighboring and similar distance
areas but brings negative spillover effects to similar economies. Industrial development
and service industry development brings positive spillover effects to the economic growth
of neighboring regions with similar distances and similar economies. Social consumption
brings negative spillover effects to similar economies. Power consumption brings posi-
tive spillover effects to neighboring areas but brings negative spillover effects to similar
economies. (2) Scientific and technological innovation, as well as FDI, has negative effects
on economic development. Scientific and technological innovation brings positive spillover
effects to the economic growth of regions at similar distances areas but brings negative
spillover effects to similar economies. FDI brings negative spillover effects to neighboring
regions at similar distances.

Table 6. Direct, indirect, and total effects of SDM model of low-level economic space club.

Model Direct Effect Indirect Effect Total Effect

Matrix w1 w2 w3 w1 w2 w3 w1 w2 w3

lnfai 0.036 0.037 −0.005 0.04 0.015 −0.041 0.076 0.052 −0.046
(0.035) (0.037) (0.036) (0.091) (0.079) (0.058) (0.110) (0.098) (0.068)

lnlab 0.137 0.398 *** 0.654 *** 1.716 *** 0.877 ** −0.563 ** 1.854 *** 1.275 *** 0.09
(0.135) (0.123) (0.115) (0.389) (0.360) (0.273) (0.444) (0.406) (0.307)

pop 0.002 −0.020 * −0.002 −0.006 −0.088 *** −0.025 −0.005 −0.108 *** −0.027
(0.010) (0.010) (0.010) (0.026) (0.032) (0.022) (0.030) (0.037) (0.025)

lnnpg −0.084 *** −0.098 *** −0.123 *** 0.081 0.215 *** −0.187 *** −0.003 0.117 −0.310 ***
(0.023) (0.023) (0.024) (0.062) (0.069) (0.057) (0.074) (0.079) (0.066)

lngdp2 1.983 *** 2.076 *** 1.352 *** 1.310 *** 2.531 *** 0.601 ** 3.293 *** 4.607 *** 1.952 ***
(0.145) (0.161) (0.144) (0.367) (0.550) (0.259) (0.453) (0.651) (0.270)

lngdp3 0.975 *** 1.015 *** 1.037 *** 1.528 *** 3.143 *** 1.303 *** 2.503 *** 4.157 *** 2.341 ***
(0.188) (0.202) (0.202) (0.418) (0.706) (0.402) (0.492) (0.793) (0.433)

lnscg 0.300 *** 0.195 ** 0.254 *** −0.118 −0.218 −0.904 *** 0.181 −0.023 −0.650 ***
(0.082) (0.087) (0.081) (0.164) (0.143) (0.190) (0.181) (0.172) (0.200)

lnfdi −0.042 ** −0.072 *** −0.076 *** −0.088 * −0.223 *** −0.005 −0.129 ** −0.295 *** −0.081 **
(0.017) (0.016) (0.016) (0.047) (0.050) (0.034) (0.055) (0.055) (0.037)

lnec 0.250 *** 0.297 *** 0.386 *** 0.371 *** 0.146 −0.360 *** 0.622 *** 0.443 *** 0.026
(0.054) (0.051) (0.047) (0.133) (0.138) (0.121) (0.167) (0.151) (0.134)

Note: *, **, and *** indicate significance at the levels of 10%, 5%, and 1%, respectively.

For the direct effects, the industrial development and service industry development are
larger and more significant than those of the other factors, indicating that these two factors
are important for promoting economic growth in low-level regions. Social consumption
and power consumption are also important driving forces of economic growth. Both
innovation and FDI are significantly negative, which is unexpected and indicates that
innovation and economic liberalization in the low-level areas have not yet reflected the
ability of economic promotion.

For the indirect effects, the development of industry and service industry has the
strongest positive spatial spillover effects and shows that the optimization of industrial
structure can bring radiation effects to low-level areas. The positive spillover effects of
human capital are also strong for neighboring and nearby regions but it brings negative
effects to economically comparable regions. Interestingly, scientific and technological
innovation brings positive spatial spillover effect to regions with similar distances while
bringing negative spatial spillover effects to economically comparable regions.

5. Conclusions

We examined the spatial convergence clubs of economic growth in 31 regions of
mainland China. The results show that the level of economic development in each region
has a significant spatial correlation. In both high- and low-level regions, spatial convergence
clubs are formed. Three spatial convergence clubs were formed in the 11 high-level regions,
which are mainly concentrated in the eastern coastal and central regions. The lower-level
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club consists of 17 regions, mainly in the central, western, and northeastern regions. Beijing,
Tianjin, and Shanxi do not converge in any club. Among the four major regions, the eastern
region still maintains the leading position. Except for Beijing and Tianjin, the remaining
eight eastern regions are in the high-level club. As a bridge between the eastern and
western regions, the central region is more closely connected with the western region.
Except for Shanxi, Anhui, and Henan, the remaining three central regions are in the low-
level club. All 12 western regions converge in the low-level club. The northeastern region
became divided, as Liaoning’s level of economic development became higher than those of
Heilongjiang and Jilin, so Liaoning subsequently joined the high-level club. The economic
growth of Anhui is still behind that of the Yangtze River Delta economic zone. Hebei in the
Beijing-Tianjin-Hebei economic zone is at a low level.

We constructed three weight matrices based on adjacency, distance, and economic
factors; then, we analyzed the influencing factors for the economic growth of the different
clubs by using spatial lag, error, and Durbin models. Industrial development was found
to have the most important effects on the levels of economic development of both the
high- and low-level clubs, indicating that industrialization has played a decisive role in
economic development over the past 40 years. However, under new industrial divisions,
patterns of competition, and the need for low-carbon development, regional development
needs to break through the traditional mode of industrialization and take a new path
of industrialization through technological innovation according to market demand [40].
Market vitality is also an important factor in the economic growth of a region. However,
studies have shown that the diversification of consumer demand has led to mismatches
with domestic supply, the lack of which hinders the upgrading of consumption, whose role
in driving economic growth has lessened [41]. In the face of fierce international competition,
increasing the added value of products, improving the supply capacity of the domestic
market, expanding domestic demand, and promoting consumption upgrading through
industrial and technological innovation are of great significance to realizing the long-term
steady growth of regional economies.

The development of the service industry and power consumption are also significant
for regional economic growth. Regardless of whether a region is high- or low-level, scientific
and technological innovation cannot affect its economic growth but can produce only weak
spatial spillover effects on a low-level region. Since the long-term innovation-driven effects
are stronger than the short-term effects [42], the organic combination of innovation and
related industries—for example, increasing the added value of products and services—can
promote sustainable economic growth in backward regions, so as to achieve endogenous
economic growth and form competitive advantages. Therefore, promoting independent
innovation, improving the productivity of physical resources, optimizing and upgrading
industrial structures, and transforming the modes of economic development in backward
areas are important for their catching up with more developed areas.

Physical capital and human capital can have complicated spatial spillover effects on
both the high- and low-level clubs. For limited physical and human capital, adjusting the
proportions between developed and backward regions is the key to narrowing regional
economic gaps. FDI in backward regions has yet to show its ability to promote economy.
In fact, FDI in backward regions is far lower than in developed regions, which have
absolute advantages when opening up more to the outside world. Therefore, the economic
liberalization level of developed regions should be further deepened while positive policy
guidance should be adopted for backward regions to reduce the barriers to FDI and improve
the absorption capacity for new foreign technologies.

The results show that the eastern region is strong while the central, western, and
northeastern regions are accelerating to catch up, which is the long-term trend of China’s
regional economic development. Promoting economic zone construction requires economic
growth in Hebei and Anhui to enhance the competitiveness of the Beijing-Tianjin-Hebei and
Yangtze River Delta economic zones while encouraging regional integration. In addition
to strengthening economic ties with the central and eastern regions, we should also focus
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on developing the Sichuan-Chongqing economic zone to exert the growth pole effect and
drive the growth of the western region. We must strengthen the roles of Liaoning in
driving northeast China, increasing regional connectivity, and promoting the revitalization
of northeast China.

We propose the following suggestions to sustain the growth of high-level regions and
encourage the rapid growth of low-level regions through the coordinated development of
regional economies and stable development of the macroeconomy. First, when formulating
regional policies, the government should pay attention to the spatial dependencies between
regions and the heterogeneity of spatial spillover effects between regions and then formulate
differentiated development strategies targeted at developed and underdeveloped regions.
Second, the transformation of heavy industries into light and service industries has become
a trend. To promote the economic growth of backward regions in addition to social
consumption as the main focus, scientific and technological innovation that drives high-
quality economic development is the key to implementing new development concepts
and sustaining economic growth. Third, the transfer of labor-intensive industries from
developed to backward regions is important for encouraging the flow of labor, breaking
down barriers to population flow, and activating the resources and market potential of
the backward regions. Fourth, increasing the economic liberalization of backward regions
can be achieved by increasing the linkages among all the regions. Moreover, it is also
important to participate in the global value chain while improving the quality and scope
of investments by launching international enterprises in backward regions and overseas
investments by launching domestic enterprises.

Regional economic convergence is a complex and long-term dynamic process. Aca-
demics have not yet provided a standard theoretical system, analytical framework, and test
standard. Because of the selection of research methods and economic indicators, this study
can be a resource for future studies of regional economic convergence. However, this study
had the following limitations. First, the difference between NTL and traditional economic
indicators has not been distinguished while the characteristics of NTL representing regional
economies have been clarified. Second, the dynamic characteristics of regional economic
convergence have not been explored, so the effects of dynamic changes in the influencing
factors on regional dynamic convergence cannot be tested.
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