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Abstract: The development of the county economy in China is a complicated process that is influenced
by many factors in different ways. This study is based on multi-source big data, such as Tencent
user density (TUD) data and point of interest (POI) data, to calculate the different influencing factors,
and employed a multiscale geographically weighted regression (MGWR) model to explore their
spatial non-stationarity impact on China’s county economic development. The results showed
that the multi-source big data can be useful to calculate the influencing factor of China’s county
economy because they have a significant correlation with county GDP and have a good models
fitting performance. Besides, the MGWR model had prominent advantages over the ordinary least
squares (OLS) and geographically weighted regression (GWR) models because it could provide
covariate-specific optimized bandwidths to incorporate the spatial scale effect of the independent
variables. Moreover, the effects of various factors on the development of the county economy in
China exhibited obvious spatial non-stationarity. In particular, the Yangtze River Delta, the Pearl
River Delta, and the Beijing-Tianjin-Hebei urban agglomerations showed different characteristics.
The findings revealed in this study can furnish a scientific foundation for future regional economic
planning in China.

Keywords: GDP; big data; spatial non-stationarity; MGWR; China’s county economy

1. Introduction

The unbalanced distribution of economic activities is the normal state of regional
economic development. Revealing the influencing factors of economic development is
one of the research hotspots of regional economics [1]. Since the implementation of the
reform and opening policy in 1978, China has experienced rapid economic growth and
the disparity in economic development between various regions within the country has
become increasingly evident [2]. Some studies have demonstrated that different regions
of China present different characteristics of economic development [1,3]. Many studies
have been carried out to explore the factors which affect economic development in China.
For example, Xie (2013) described the spatial distribution characteristics of 108 counties’
economies in the Shandong province of China and summarized that industrialization,
government investment, and farmers’ economic level are the main factors influencing a
county’s economic growth in Shandong [4]. Sun (2018) found that economic and envi-
ronmental governance factors as well as population and resource factors are two main
elements that restrict the development of a green economy in the Jiangsu province of
China [5]. However, these relevant studies are mainly based on using statistical data to
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explore the influencing factors of China’s economy. The major problem with traditional
statistical data is that it is usually produced by census and sampling surveys, which have
the limitations of a long production cycle and a lack of timeliness [6]. In addition, the
factors affecting economic development are very complex and diverse [7], while the types
of statistical data are usually limited, which makes it difficult to obtain information about
some variables related to economic development, especially at the county level.

With the progress of society and technology, data types with social perception func-
tions have emerged. Point of interest (POI) data, a kind of social perception big data
containing spatial location information, has been proven to be able to be used for economic
evaluation [8,9]. Besides, the popularity of the Internet and the wide application of smart-
phones have led to the rise of another kind of big data with a social perception function,
location-based social media (LBSM) data, which has been widely used in studying human
activities [10,11] and economic modeling [12,13]. These kinds of big data provide an effec-
tive way to obtain information on economic factors. For example, Li (2021) used POI data
as the representative of economic activities to understand the pattern and mechanism of
Wuhan city spatial agglomeration [14]. Niu (2020) used social media data and remote sens-
ing images to represent the characteristics of social conditions and the built environment
respectively, and to produce the indicators of physical, economic, and living conditions that
are closely related to poverty in Guangzhou [6]. However, these relevant studies mainly
take a certain small region of China as the study area to explore the regional economic
development factors, which have strong local economic development characteristics and
lack universal applicability [15,16]. At present, a study with the whole county area of China
as the research area, combined with multi-source big data to explore the influencing factors
of economic development is still relatively lacking.

A variety of mathematical statistics or index methods such as the Malmquist–Luenberger
index model [17], linear weighted composite Index model [18], and ordinary regression
model [19,20] have been used to examine the correlation between economic development
and its driving factors. The assumption in these methods is that the correlation between
the independent and dependent variables remains a stable and consistent state in the
whole spatial research area [21]. The relations between the independent variables and the
dependent variable may exhibit significant spatial variation, which means that one factor
affecting economic development in one region may have a completely different impact in
other regions [22]. This variation is referred to as spatial non-stationarity, which is difficult
to discover in an estimation of the global parameters [23]. The geographically weighted
regression (GWR) model, which can acquire each spatial unit’s regression coefficients by
borrowing non-parametric estimation from the geographical data of different spatial units,
solves the spatial non-stationarity of different variables [24]. In recent years, many studies
have used the GWR model to explore the influence of different factors on the economy in
space [25,26]. However, in the process of GWR modeling, the same bandwidth is applied to
all independent variables, disregarding the scale effect of these variables on the dependent
variable. Generally, the emergence of a social and economic phenomenon is frequently
shaped by multiple spatial processes of varying scales, and using the GWR model to explore
the influencing factors of China’s economy could easily cause deviation [27]. The multi-
scale geographically weighted regression (MGWR) method, proposed by Fotheringham
in 2017, can effectively solve the scale issue of influencing factors [28]. Further, Yu (2019)
supplemented and refined the statistical inference of the MGWR model in 2019, so that the
MGWR model can be widely used in empirical studies [29]. At present, many studies have
used the MGWR model to explore the influencing factors and the spatial effect on different
fields, such as air quality [30], distribution of researchers [31], traffic fatalities [32], hukou
transfer intentions [33], land transfer [34], and so on. However, this model has rarely been
applied in the economy, especially in exploring the influencing factors and their spatial
non-stationarity effects on China’s county economic development.

In recent years, China has increased its focus on the imbalance of small regional
economic growth and has put forward some policies such as targeted poverty alleviation
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and rural revitalization to solve this issue. The coordination and mutual development
of counties plays a crucial role in advancing regional economic growth [35]. However,
the impact mechanism of China’s overall economic development at the county level is
still unclear. Understanding the spatial characteristics and key influencing factors of
economic development at the county level of China as a whole can help local governments
to formulate plans to adapt to the local economic development situation [36]. It is an
important link to promote China’s overall economic development coordinately and to
narrow the economic gap between rich and poor in the future. Therefore, the objective of
this study is to explore the spatial non-stationarity of the influencing factors of China’s
county economic development and to analyze the impact of different factors on various
regions. Firstly, multi-source big data, such as Tencent user density (TUD) data and point
of interest (POI) data, were applied, instead of the traditional economic statistics data, to
extract the influencing factors of China’s counties’ economic development, which provides
a new variable calculation idea for the analysis of the influential factors of the economy
in large regions and at a small scale. Secondly, the MGWR model was compared with the
ordinary least squares regression model (OLS) and the GWR model in county economic
modeling and was used to understand the spatial non-stationarity of the factors affecting
economic development, enriching the application field of the MGWR model. Further, major
influencing factors governing the development of the county economy in different regions
of China were discussed. This study may strengthen the understanding of the main factors
affecting economic development in China at the county level, and provide some scientific
reference for future regional development planning.

2. Materials and Methods
2.1. Study Area

China’s administrative regions are primarily segmented into three levels, including
provinces, cities, and counties. This study focused on economic development at the county
level. Therefore, 2339 of China’s counties were selected as the sample to explore the
influencing factors of China’s county economic development and the spatial differentiation
characteristics. The county-level regions in China mainly include four types: county, flag,
county-level city, and municipal district, which were treated as equivalent statistical units
in this study. The study areas are shown in Figure 1.
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2.2. Variables Selection and Processing

The dependent variable in this study was the Gross Domestic Product (GDP), which
was used to represent the economic development of counties in China. The county-level
GDP data were collected from the 2020 Statistical Yearbook of Chinese counties. In addition,
multi-source big data was used in this study to extract the independent variables as the
influencing factors of economic development. Considering that economic development is
affected by various factors, this study divided all influencing factors into five categories:
natural factors, social media factors, business factors, infrastructure factors, and land-
use factors.

2.2.1. Natural Factors

By using a geographical detector, Wang and Peng (2021) have found that the topo-
graphical and climatic factors have a positive correlation with other economic dominant
factors, which can augment their effect on GDP density [16]. Digital Elevation Model (DEM)
has usually been used to represent topographic change [8]. Therefore, this study collected
DEM data with 500 m resolution from the Resources and Environment Science and Data
Center. In addition, the rainfall data of meteorological stations in China were collected from
the National Meteorological Science Data Center, and Kriging spatial interpolation was
carried out to obtain the 500 m resolution annual average rainfall data for China in 2019.
These data were reprojected to the Lambert projection, and then the average altitude (ALT)
and average annual rainfall (RAIN) of each county in China were obtained by combining
the county administrative boundary data in China based on the zonal statistic tool in
ArcGIS 10.2.

2.2.2. Social Media Factors

The widespread utilization of smartphones has led to social media data becoming a
commonly used data source to reflect social and economic activities and human behavior.
Tencent location big data is a typical type of social media data that records the position
information of Tencent application users on mobile terminal equipment and has wide
coverage in China [37,38]. A recent study has highlighted the potential of Tencent user
density (TUD) data in assessing China’s county-level economic development due to its
high positioning accuracy and advantages in reflecting both daytime and nighttime human
activities [13]. Referring to Huang’s (2021) processing of Tencent location big data [13], this
study stimulated the annual TUD data from 2019 and then calculated the total TUD at the
county level based on the zonal statistic tool in ArcGIS 10.2 as the social media factor to
explore the impact of Chinese social media users’ vitality on county economic development.

2.2.3. Business Factors

Relevant studies have proven that business can improve the local economy and job
creation, which makes a positive contribution to social economic well-being [39–41]. At
the same time, points of interest (POI), a kind of geospatial big data with geographic
locations and textual descriptions of the category, can effectively distinguish industrial
and commercial areas and can provide the distribution information of different types of
business, such as a corporation, factory, real estate industry, leisure industry, and so on [42].
Thus, this study obtained the different types of POI data in 2017 from the Baidu map open
platform and then used the kernel density analysis tool in ArcGIS 10.2 to calculate different
types of POI density data. The parameter settings for kernel density estimation are 500 m
pixel size and 1 km search radius, which are consistent with the parameters of TUD data
processing. Finally, combined with county administrative boundary data, the different
types of POI density data were summarized by using the zonal statistic tool in ArcGIS
10.2 to obtain the variables of corporation business (CORP), realty business (REALTY),
and entertainment business (ENT) as the business factors in this study. Among these,
CORP mainly contains the density information for the pharmaceutical industry, network
technology, the advertising industry, metallurgy, the chemical industry, commercial trade,
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and various types of limited companies; REALTY includes the density information for
buildings closely related to the realty industry, such as residential communities, villas,
dormitories, and other premises; while ENT contains the density information for scenic
spots, cultural squares, exhibitions, games halls, karaoke bars, gymnasiums, and other
leisure entertainment venues.

2.2.4. Infrastructure Factors

Previous studies have found that transportation and public facilities have a great
impact on regions’ economic growth [43,44]. According to the relevant findings, road
traffic data from 2020 obtained from the AMAP open platform and POI data in 2017 from
Baidu map open platform for public service facilities were used to calculate the road traffic
(ROAD) and public service facilities (PUB) variables, respectively, as the infrastructure
factors in this study. Among these, ROAD contains the density information for roads above
the national level, and PUB contains the density information for public toilets, newsstands,
emergency shelters, and other public service places. The data processing of infrastructure
factors is the same as for the business factors.

2.2.5. Land Use Factors

Reasonable and intensive land use is important for sustainable economic develop-
ment [45]. A relevant study has demonstrated that the development of construction land
could affect regional investment, which can further affect local economic growth [46]. This
study first resampled the 1 km resolution land used to generate data from 2019 obtained
from the Resources and Environment Science and Data Center at 500 m resolution. Then
the total arable land area (ALAND) and the total construction land area (CLAND) for each
county were calculated as the land-use factors to explore the influence of land-use status
on county economic development.

Before modeling, to facilitate the comparison and weighting of variables of different
units, this study used the SPSS Statistics 26 software to conduct z-score standardization
processing for all variables, removing the unit limitation of data. The detailed descriptions
and the correlations with GDP of the different independent variables are summarized in
Table 1. The Pearson correlation coefficients (PCC) show that the independent variables
selected in this study have a significant correlation with county GDP at level 0.01. In
addition, the Variance Inflation Factor (VIF) values of each independent variable are less
than 10, which means that there is no collinearity problem between the variables when
building models.

2.3. Methods
2.3.1. Geographically Weighted Regression (GWR) Model

The GWR model is a local regression model that improves on the traditional global
ordinary least squares (OLS) regression model. An important advantage of the GWR model
compared to the OLS model is its ability to capture the spatial variation in the relationships
between the dependent variable and the independent variables [47–49]. The equation for
the GWR model is shown as follows:

yi = β0(ui, vi) + ∑n
j=1 β j(ui, vi)xij + εi (1)

where (ui, vi) represents the spatial centroid coordinates of county i; yi is the dependent
variable value at position i; β0(ui, vi) is the estimated intercept coefficient at the position
(ui, vi); xij is the value of the jth independent variable at position i; β j(ui, vi) is the jth local
regression coefficient for the jth independent variable at the location (ui, vi); and εi is the
random error associated with location i.
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Table 1. Independent variable descriptions and their correlation with county GDP.

Category Variable Description Source PCC VIF

Natural
factors

ALT The average altitude for each county

Resources and Environment Science and
Data Center

“https://www.resdc.cn/ (accessed on 15
September 2022)

−0.275 ** 1.497

RAIN The average annual rainfall for each county
National Meteorological Science Data Center

“http://data.cma.cn/ (accessed on 15
September 2022)”

0.223 ** 1.475

Social media
factors TUD The sum of annual Tencent user density data

for each county

Tencent location big data platform
“https://heat.qq.com (accessed on 28 April

to 10 May 2019)
0.819 ** 6.496

Business
factors

CORP
The sum of kernel density data calculated by
the corporation and enterprise POI data for

each county
Baidu map open platform

“https://lbsyun.baidu.com/ (accessed on 15
September 2020)”

0.818 ** 5.044

REALTY
The sum of kernel density data calculated by
the commercial residential POI data for each

county
0.766 ** 4.880

ENT
The sum of kernel density data calculated by

the scenic spot, sports leisure, and event
activity POI data for each county

0.805 ** 8.055

Infrastructure
factors

ROAD
The sum of kernel density data calculated by
the above-national-level road traffic data for

each county

AMAP open platform
“https://lbs.amap.com/ (accessed on 15

September 2022)”
0.478 ** 1.973

PUB The sum of kernel density data calculated by
the public facilities POI data for each county

Baidu map open platform
“https://lbsyun.baidu.com/ (accessed on 15

September 2020)”
0.753 ** 4.443

Land-used
factors

ALAND The total area of arable land for each county Resources and Environment Science and
Data Center

“https://www.resdc.cn/ (accessed on 15
September 2022)”

−0.064 ** 1.416

CLAND The total area of construction land for
each county 0.397 ** 2.701

** indicates a significant correlation at level 0.01.

The GWR model assigns higher weights to sample points close to the regression point
based on a weight matrix calculated by using a kernel function [47]. This study adopted
the bi-square kernel function to calculate the weighted matrix:

wij =


[

1 −
( dij

b

)2
]2

i f
∣∣dij
∣∣ < b

0 otherwise
(2)

where wij is the weight between county i and county j,
∣∣dij
∣∣ is the distance between count

i and county j, and b is the bandwidth determined by minimizing the corrected Akaike
information criterion (AICc) [50].

However, the GWR model uses an average of the different bandwidths of each inde-
pendent variable as the final bandwidth, which means that all variables finally use uniform
bandwidth in the model. Consequently, some variables may inaccurately assign larger
bandwidths despite having smaller actual bandwidths, while others with greater actual
bandwidths may receive smaller assigned bandwidths, resulting in bias and noise in the
model [31].

2.3.2. Multiscale Geographically Weighted Regression (MGWR) Model

The MGWR model is an improvement on the GWR model. It considers the scale effects
of different variables and adjusts the bandwidth of different variables adaptably, allowing
different independent variables to possess different bandwidths [33,51]. The equation for
the MGWR model is shown as follows:

yi = βbw0(ui, vi) + ∑k
j=1 βbwj(ui, vi)xij + εi (3)

https://www.resdc.cn/
http://data.cma.cn/
https://heat.qq.com
https://lbsyun.baidu.com/
https://lbs.amap.com/
https://lbsyun.baidu.com/
https://www.resdc.cn/
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where (ui, vi) represents the spatial centroid coordinates of county i; yi is the dependent
variable value at position I; xij is the value of the j t independent variable at position I;
βbw0(ui, vi) is the estimated intercept coefficient at the position (ui, vi); bwj represents
the specific optimal bandwidth used for the calibration of the j conditional relationship;
βbwj represents the coefficients of j independent variable with bw bandwidth; and εi is the
random error. Each regression coefficient, βbwj, of the MGWR model is obtained based on
local regression, and the bandwidths of each variable are different.

In this study, the MGWR model calculates the weight matrix based on the adaptive
bi-square and selects the bandwidth based on AICc. Furthermore, a back-fitting algorithm
was used for the model calibration, which is based on generalized additive model (GAM)
fitting techniques. The basic idea of back-fitting is to calibrate each term of the model
using a smoother under the assumption that all the other terms are known [28]. This
study selected the GWR model as the initial estimation. After the initialization settings are
determined, the difference between the predicted value obtained from the initial estimation
and the real value can be calculated, which is the initial residual ε̂ :

ε̂ = y − ∑k
j=1 f̂ j

(
f j = βbwjxj

)
(4)

The GWR model was used to regress the sum of residuals (ε̂ ) and the first additive
term ( ˆf1 ) on the first variable (x1) to find an optimalandwidth (bw1) and new parameter
estimates, which then replace the first additive term ( ˆf1 ) and residuals ( ε̂), and so on,
repeating the step until the calculation of the last argument variable (xk) is completed and
the last additive term ( ˆfk ) and residuals (ε̂) are updated. The above calculation steps are
the first-round iteration and the iterations would continue until the estimate converges to
the convergence criteria [29]. This study used SOC-f as the convergence criteria:

SOC− f =

√√√√√√√∑
p
j=1

∑n
i=1

(
f̂ new
ij − f̂ old

ij

)2

n

∑n
i=1

(
∑

p
j=1 f̂ new

ij

)2 (5)

SOC− f has the advantage of emphasizing the relative changes of the additive terms
rather than the overall fit of the model, making it a more stringent criterion compared to
SOC-RSS [28]. In this study, when the change degree of the estimated regression coefficient
was less than 1 × 10−5, the model fitting was considered complete.

This study built the MGWR model based on the MGWR 2.2 desktop application
software developed by Oshan et al. (2019) [51], to further explore the spatial non-stationarity
of the influences of different factors on China’s county economic development.

3. Results and Discussion
3.1. Spatial Pattern of GDP in China

The distribution of county-level GDP in China is shown in Figure 2a. The economic
situation of different regions of China shows significant diversity. Most of the counties
with high GDP values are located in the southeast regions and coastal areas of China,
while most of the economically underdeveloped counties are concentrated in the northwest
regions of China. This study used global Moran’s I to test for the spatial auto-correlation
of county-level GDP across China and the p-value, as well as the z-score, were used to
measure the significance and reliability of results [52]. The global Moran’s I index is 0.205,
which is greater than 0, indicating that China’s county economic development has positive
spatial auto-correlation. In addition, the p-value is 0.000, which is less than 0.001, and
the z-score is 79.266, which is much higher than 2.58, showing the high significance and
reliability of the results.
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The local Moran’s I tool, which can reflect the GDP spatial correlation characteristics of
each county, is shown in Figure 2b. The counties of the high-high (HH) cluster are mainly
located in the economically developed regions of China, such as Beijing-Tianjin-Hebei, the
Yangtze River Delta, the middle reaches of the Yangtze River, the Pearl River Delta, and the
Chengyu urban agglomerations. Conversely, the counties belonging to the low-low (LL)
cluster are mainly concentrated in the western and northern regions, which are the less
developed area of China. The high-low (HL) cluster covers a small area and distributes near
some LL cluster counties dispersedly. The low-high (LH) clusters are mainly distributed
around the HH cluster, which infers that a large gap between the rich and poor exists
in those regions. These findings mean that there are significant differences in the spatial
distribution of China’s county economy, indicating that it is necessary to examine the
factors affecting the spatial distributions of GDP.

3.2. Spatial Variation of Factors Influencing County-Level GDP
3.2.1. Model Comparison between OLS, GWR, and MGWR

County economic development in China has significantly positive spatial auto-correlation
and shows obvious spatial clustering. Therefore, it is necessary to use spatial regression
models, such as GWR and MGWR models, to further explore the spatial impact of inde-
pendent variables on GDP. The performance of OLS, GWR, and MGWR models in China’s
county economic modeling was compared in this study.

Firstly, the coefficient, the adjusted R-squared (Adj.R2), the AICc, and the residual
sum of squares (RSS) were applied to compare the goodness-of-fit results of the models. As
shown in Table 2, the OLS model has the highest value of AICc and the lowest value of
Adj.R2, while the MGWR model shows the lowest value of AICc and the highest value of
Adj.R2. This indicates that the MGWR model has the best model-fitting capacity which can
provide more specific and reliable information than the GWR and OLS models.

Secondly, a heteroscedasticity test of the three models was carried out using the
graphic test method. Figure 3 shows the scatter plot of the residuals and dependent
variables (standardized GDP) of the three models. It can be seen that the residuals of the
three models have no significant correlation with the dependent variables, and most of the
data points are randomly distributed between −2 and 2. The results indicate that there is
no obvious heteroscedasticity in the three models. In addition, compared with the OLS and
GWR models, the MGWR model has the lowest R2, and the data points are more evenly
distributed, as well as more concentrated between −2 and 2, which shows that the MGWR
model has the weakest heteroscedasticity.
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Table 2. Comparison of the regression results of three models.

Variables
Coefficient

OLS GWR MGWR

INTERCEPT −31.282 −0.003 −0.034
ALT −0.015 −0.134 −0.153

RAIN 0.007 0.048 −0.031
TUD 0.021 0.206 0.147

CORP 0.011 0.461 0.510
ENT 0.036 0.132 0.041

REALTY 0.012 0.089 0.179
ROAD 0.017 0.045 0.090

PUB 0.067 0.045 0.038
ALAND −0.012 0.038 −0.016
CLAND 0.227 0.007 −0.005

Adj.R2 0.745 0.800 0.839
AICc 3457.437 2941.573 2600.474
RSS 594.476 447.022 344.855
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In addition, a box plot was used to compare the residuals of the three models in this
study. As shown in Figure 4, the line in the center of the box is the median of the data,
representing the average of the residuals in each model. The top and bottom boundaries
of the box are the upper and lower quartiles of the residual, which means a box contains
50 percent of the data. The closer the center line of the box is to the zero value and the
smaller the width of the box, that the smaller the residual error of the model, and the more
stable the model. Figure 4 shows that the MGWR model produces the lowest residuals, as
the line in the center of the box is closer to zero compared to the GWR and OLS models,
and the area of the box is the smallest.

Another more important criterion to reflect the performance of the model is the spatial
auto-correlation degree of the residuals. Spatial auto-correlation in residuals may lead
to endogeneity issues, which negatively impact the accuracy of model estimates [53].
Therefore, a criterion for assessing the performance of a regression model is that the
residuals should have random and independent distribution. Figure 5 shows the spatial
clustering patterns of the residuals of the three models. The residuals of the OLS model
exhibit a clear aggregation pattern, with positive residuals concentrated in central and
western regions and negative residuals mostly in the north and south. The residuals of
the GWR model are dispersed, but some clustering can still be observed, such as positive
residual clusters in the eastern coastal areas and negative residual clusters in the northern
regions. Meanwhile the residuals of the MGWR model show the least amount of cluster
patterns and there is no obvious large areas of clustering compared to the OLS and GWR
models. From Moran’s I index of residuals, the OLS model exhibits the strongest levels of
positive auto-correlation. Although the spatial auto-correlation level of residuals is reduced
in the GWR model, it still exists significantly. It indicates that though the GWR model does
improve the issue of residual spatial auto-correlation found in the OLS model, the limitation
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of unified bandwidth does not eliminate this problem completely. On the contrary, Moran’s
I index of the MGWR model’s residuals is the closest to zero, which indicates that the
MGWR model can eliminate residual dependency effectively. Consequently, it can be
concluded that the MGWR model shows obvious advantages over the traditional global
OLS model and the local GWR model with fixed bandwidth in understanding the spatial
non-stationarity of influencing factors of China’s county economic development.
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3.2.2. The Spatial Scale Effect regarding Optimized Bandwidths

Generally, the effect of different independent variables on dependent variables varies
considerably with changes in the spatial scale. For example, some variables affect the
dependent variables in cities, provinces, or at larger spatial scales, while some variables
may have a significant influence on counties or at smaller scales. The traditional OLS
model ignores the spatial non-stationarity of variables’ impact and the GWR model uses a
uniform independent variable bandwidth, which ignores the spatial scale effect of different
independent variables. The major advantage of the MGWR model is its ability to not
only allow for varying parameter estimates over space, but also generate unique optimal
bandwidths for the relationship between the dependent variable and each independent
variable, enabling the modeling of various processes’ spatial variation at different scales.

Figure 6 displays the optimal bandwidths for each independent variable generated
by the MGWR model as blue histograms. The corresponding standard deviations of the
parameter estimates are depicted in the orange areas. The blue dotted line represents the
single optimal bandwidth obtained by the GWR model, while the blue solid horizontal line
stands for the average of the 11 variables’ bandwidths obtained by the MGWR model. The
unified bandwidth of the GWR model (14) is much smaller than the average bandwidths of
the MGWR model (771), which indicates that the GWR model and MGWR model differ
greatly in the interpretation results of variables. The bandwidths of the individual variables
in the MGWR model suggest varying impacts of different independent variables on GDP
at different spatial scales. A variable with a large bandwidth influences the dependent
variable at a larger spatial scale, while a variable with a small bandwidth affects the
dependent variable at a more localized scale. For example, the optimal bandwidths of
RAIN and ENT are very large (2339) and are the same as the sample number (2339) of this
study, which means that these two are global variables. It indicates that the average annual
rainfall and the distribution density of the entertainment industry have similar impacts
on economic development nationwide. On the contrary, the bandwidth of CLAND is very
small, indicating that the area of construction land affects the economy at local scales, and
the parameter estimates have large differences over space. The other variables, such as
ROAD, CORP, TUD, and so on, exhibit spatial non-stationarity of the relationship with
GDP, and the processes vary at different regional scales because the optimal bandwidth is
157, 280, and 433, respectively. The differences in the influence of independent variables
can be reflected by the MGWR model, while it is difficult for them to be reflected by the
GWR model. Thus, the MGWR model holds advantages in comprehending the spatial
non-stationarity of various factors affecting economic development in China’s counties and
in explaining the impact of different independent variables at different spatial scales.
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3.2.3. Spatial Variation of Coefficients from the MGWR Model

To enhance our understanding of the impact of various factors on China’s county
economic development, this study delves further into the spatial distribution of the local
regression coefficients for each independent variable using the MGWR model. Table 3
summarizes the statistics of the different independent variables’ local parameters generated
by the MGWR model. The third column of Table 3 shows a classification of coefficients
based on t-tests, adjusted for multiple hypothesis testing [54]. It includes the proportion
of significant coefficients (p ≤ 0.05), the proportion of significant positive coefficients
to significant coefficients (+), and the proportion of significant negative coefficients to
significant coefficients (−) [30].

Table 3. Parameter estimates for the regression of GDP using MGWR.

Variables MGWR Coefficients Percentage of Counties by
Significance (95% Level) of t-Test

Min Max Mean p ≤ 0.05 (%) + (%) − (%)

INTERCEPT −0.326 0.294 −0.034 35.77 29.39 70.61
ALT −0.227 −0.092 −0.153 100 0 100

RAIN −0.033 −0.029 −0.031 0 0 0
TUD −0.119 0.327 0.147 62.61 100 0

CORP −0.085 1.155 0.510 88.12 100 0
ENT 0.037 0.043 0.041 0 0 0

REALTY −0.113 0.743 0.179 46.84 87.77 12.33
ROAD −0.214 0.849 0.090 32.95 86.51 13.49

PUB −0.100 0.301 0.038 20.21 100 0
ALAND −0.279 0.150 −0.016 20.82 37.58 62.42
CLAND −1.846 0.679 −0.005 27.99 67.33 32.67

As shown in Table 3, there is the “INTERCEPT” variable, which is the constant term
variable. This variable refers to the impact of geographical location change on economic
development after all other variables are determined [27]. It shows that geographical
location factors have a significant influence on 35.77% of China’s counties. Of these
significantly affected counties, 29.39% of them are affected positively, while 70.61% are
affected negatively. The local estimates for ALT exhibit a robust and consistent negative
relationship with economic development in every county, suggesting that a county’s
elevation negatively impacts its economic level. Approximately 88.12% of CORP has a
significant positive effect on economic development in China’s counties, indicating that
an increase in corporation distribution density is associated with higher economic growth.
Similarly, around 62.61% of TUD has a significant positive impact on economic development
in China’s counties, indicating that the greater the intensity of social media user activities,
the greater the promotion of economic development. The local parameter estimates from
REALTY are significant for nearly half of the counties, with most of these counties showing
a positive relationship between better realty development and high economic growth, while
only 12.33% of the areas are affected negatively. The local parameter estimates from ROAD
are significant for one third of the counties, of which 86.51% are affected positively by
traffic road density, while 13.49% are affected negatively. The PUB, ALAND, and CLAND
variables have a limited impact in a small number of counties, with less than 30% of counties
being significantly affected. The local estimates for RAIN and ENT are all insignificant,
meaning that these variables have little impact on the economy in China’s counties.

After obtaining the local regression coefficients of different variables based on the
MGWR model, six variables—TUD, CORP, REALTY, ROAD, PUB, and CLAND—were
mapped in Figure 7, respectively, to reveal the spatial pattern of their influencing effects on
the economy. Jenks classification method was used to divide the coefficient of each variable
into five grades, in which blue represents a negative influence, red represents a positive
influence and gray represents no significant influence.
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To begin with, it can be seen from Figure 7a that TUD, a variable reflecting the
vitality of Chinese social media users, shows a prominent and positive influence on the
economy of most counties of China, especially in the economically backward areas, such
as the northwest and southwest of China. The result is consistent with a relevant study
which found that TUD has an advantage in reflecting economic development in less
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developed areas [13]. A recent study has found that the less developed regions of China
are facing a situation of low population concentration [55]. This may be because the
natural environment, public services, job market, etc. in western China and some less
developed areas are not perfect and result in a lower population inflow than in more
developed areas [2]. Human beings are the foundation of social development. Therefore,
appropriately introducing human capital, increasing population inflow, and social media
user vitality in less developed areas can effectively improve economic growth.

Figure 7b displays the spatial pattern of the local coefficient of the CORP variable,
which reflects the influence of the distribution density of corporations on GDP. As can be
seen, the economy in most counties of China is affected by the density of corporations
positively, especially in northeast China, which is the most positively affected area. It
indicates that increasing the number of corporations in these areas can better promote
economic growth.

As shown in Figure 7c, REALTY, a variable reflecting the intensity of the realty industry,
was not significant for most areas of China. This outcome aligns with recent research which
discovered weak real estate market investment and no significant contribution to economic
development in most regions of China [56]. However, this factor has a significant effect on
economic development for the Beijing-Tianjin-Hebei urban agglomeration and its vicinity,
as well as the Pearl River Delta urban agglomeration and its surrounding area. This has
not been revealed in existing studies.

ROAD was calculated by the traffic road density which can represent the transporta-
tion convenience of a region. The local coefficient of ROAD is depicted in its spatial
distribution in Figure 7d. It plays a major role in promoting economic development in
China, and the counties in the Pearl River Delta are affected by it most significantly. More-
over, some areas of the Yangtze River Delta and Chengyu urban agglomerations are also
affected by ROAD positively. It is noteworthy that ROAD does not have a significant
positive impact on the economy of the Beijing-Tianjin-Hebei urban agglomeration.

PUB is a variable calculated by the density of public service facilities, which can
represent the completeness of regional infrastructure to some extent. It can be seen from
Figure 7e that PUB in most regions has no significant influence on economic development,
but in south China, especially the Pearl River Delta and its surrounding counties, economic
development was positively affected by PUB. A relevant study revealed that the fast pace
of urbanization in the southeast coastal regions has led to a large influx of population,
causing an imbalance in the supply and demand of public services [57]. Hence, enhancing
the allocation of public infrastructure and balancing the supply and demand of public
facilities may positively impact the economic development of the Pearl River Delta and
surrounding areas.

CLAND represents regional construction land, and the bandwidth of this variable is
very small (68), indicating that its influence is in small local regions. As shown in Figure 7f,
the GDP of a few counties is significantly affected by CLAND. This is consistent with previ-
ous research which found that expanding construction land has made little contribution to
economic growth in China [46]. However, this variable has a significant positive impact
on the GDP of the Yangtze River Delta urban agglomeration and its surrounding areas,
whereas it does not show an obvious positive effect in the Pearl River Delta, Chengyu, and
Beijing-Tianjin-Hebei urban agglomerations and their surrounding areas.

This study used multi-source big data to extract the influencing factors of county
economic development in China and analyzed the spatial non-stationarity of different
factors. Although a relevant study has revealed the important role of producer services
(including transportation, the realty industry, commerce, etc.) in China’s economic devel-
opment, it did not carry out any further comparative analysis on the spatial differences
of different industries [41]. With multi-source big data, this study could classify different
industries in more detail, and discuss the impact of commerce (CROP), the realty industry
(REALTY), and the entertainment industries (ENT) on China’s county economy respectively.
At the same time, previous studies have separately discussed the impact of road traffic [43]
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and construction land on China’s economic development [46]. However, they have only
analyzed a small part of China, lacking a comparison of the influence of these variables in
different regions of the country. By visualizing the spatial regression coefficients of ROAD
and CLAND on the national map, this study found their impacts on different regions in
China shows spatial non-stationarity, with particularly significant differences in economic
impact on the three major urban agglomerations in China, which has not been revealed by
previous studies.

4. Comparison of the Economic Development of Major Urban Agglomerations
in China

By using the MGWR model, this study analyzed the impact factors of county economic
development in China and discovered that the influence of different factors on county
economic development differs across regions in China. In terms of the results shown in
Figure 7, the effects of REALTY, ROAD, and CLAND on county GDP are significantly
disparate among the Beijing-Tianjin-Hebei, Yangtze River Delta, and Pearl River Delta,
which are the three major urban agglomerations in China. Figure 8 further shows the local
coefficients of REALTY, ROAD, and CLAND in terms of their impact on the three urban
agglomerations’ economic development in China using box plots.
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The Beijing-Tianjin-Hebei urban agglomeration contains the capital city of China,
which is the economic center of northern China. As shown in Figure 8, the economy of
the Beijing-Tianjin-Hebei urban agglomeration is significantly and positively affected by
REALTY. At the same time, it is found that there are differences within the Beijing-Tianjin-
Hebei region affected by REALTY, for which the spatial regression coefficient values have
a large span. This may be related to the differences in real estate development within
this region. There are a large number of cities at a lower level of development in the
Beijing-Tianjin-Hebei city cluster, and there is a huge development gap between core cities
and fringe cities [58]. The core cities, such as Beijing, have more job opportunities but
very high housing prices, while the fringe cities have low housing prices but relatively
few job opportunities. In order to realize the coordinated development of the economy
in the region, the government can strengthen the development of the real estate industry
in the region, increasing the supply of housing, and reasonably regulating housing prices.
However, the positive impact of ROAD and CLAND on the economy is not significant.
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It may be because the Beijing-Tianjin-Hebei urban agglomeration is mainly in the radial
spatial form, which has relatively developed transportation with its main problem being
that there are marginalized nodes [59]. Therefore, the positive impact of ROAD on the
economic development of the Beijing-Tianjin-Hebei urban agglomeration is not significant.
In view of the characteristics of land use and traffic problems in this region, reasonable
adjustment and planning for the marginalized nodes may be more effective in promoting
the economy. A previous study has found that the land-use efficiency of this region is
relatively lower than that of the Yangtze River Delta urban agglomeration [60], thus the
economic impact of the increase of construction land area in this area may not be obvious. In
the future, different types of land use should be rationally planned, and regional economic
development should be promoted by improving land-use efficiency.

The Yangtze River Delta is the biggest urban agglomeration in China. Figure 8 shows
that ROAD and CLAND have a positive influence on the economics of the Yangtze River
Delta while REALTY has no significant positive impact. A previous study has found that
the Yangtze River Delta urban agglomeration has higher land-use efficiency than other
agglomerations [60], which is consistent with the result of this study, which found that
CLAND has the most significant positive influence on the Yangtze River Delta than on
other regions. Therefore, in these areas with very high land-use efficiency, the real estate
industry may be close to saturation, which leads to a weakening of the promoting effect of
real estate on the economic development of the Yangtze River Delta. As for the impact of
ROAD on this region, a relevant study has found that different urban agglomerations in
China show different spatial forms [61] and the Yangtze River Delta urban agglomerations
show the spatial form of network and the scale distribution of relative agglomeration. The
main problem in this region is that the hub function of local nodes of urban traffic is not
enough to match their bearing scale [59]. Therefore, improving regional traffic road density
can improve the coordination between hub function and node scale to a certain extent, thus
promoting regional economic development.

The Pearl River Delta is an urban agglomeration with the highest urbanization com-
pared to other regions in China [62]. Figure 8 shows that both REALTY, ROAD, and
CLAND have a great impact on the regional economy, among which REALTY and ROAD
have an obvious positive influence, while CLAND has the opposite effect. On the one
hand, this may be related to land-use efficiency. As with the Beijing-Tianjin-Hebei urban
agglomeration, the land-use efficiency of this region is lower than that of the Yangtze River
Delta urban agglomeration [60]. While the urbanization of the core urban areas in the
Pearl River Delta has reached saturation over the years, there remains potential for stock
development and construction in the connecting areas between the core cities [63]. With
the continuous inflow of migrants, the demand for housing in this area will continue to
increase. The reasonable development of construction land and the real estate industry
is becoming increasingly important for regional economic development. In terms of traf-
fic, the Pearl River Delta urban agglomeration has a radial spatial form and a relatively
concentrated scale distribution, but a previous study has found that this region has a
relatively weak connection with other urban agglomerations in China [59]. In consequence,
improving the density of road traffic could promote the connection between different urban
agglomerations, which could benefit regional economic development.

5. Conclusions

This study used multi-source big data such as TUD and POI data to calculate the
factors affecting county-level economic development in China. Then, the capabilities of
the OLS, GWR, and MGWR models in China’s county economic modeling were compared.
Finally, the spatial non-stationarity and the pattern of economic influencing factors were
uncovered based on the MGWR model. The key findings and contributions of this study
can be summarized as follows.

Firstly, this study found that the independent variable calculated based on multi-
source big data has a strong correlation with China’s county GDP. It provides an effective
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way to obtain independent variables for the analysis of influencing factors of China’s
county economic development, as well as resolving the difficulty of obtaining traditional
economic statistical data at the county level in China.

Secondly, this study proved that MGWR can be effectively used in economic modeling,
which enriches the application fields of the MGWR model. By comparing the modeling
results of the OLS, GWR, and MGWR models, this study found that the MGWR model
has obvious advantages in explaining the influencing factors of China’s county economic
development and revealing the spatial scale effect over either the OLS or GWR models. The
MGWR model shows not only better goodness-of-fit, but also performs better at alleviating
residual heteroscedasticity and auto-correlation.

Thirdly, the bandwidths of the respective variables of the MGWR model indicate that
the factors affecting counties’ economic development have different spatial scale effects.
The bandwidths of RAIN (average annual rainfall) and ENT (entertainment and leisure
industry density) are both 2339, which is as same as the sample number (2339) of this study.
It means that these two variables are global variables and have similar effects on different
regions in the whole country. On the contrary, the bandwidth of CLAND (construction
land area) is very small (68), indicating that its parameter estimates have large differences
over space, which means that its impact on China’s county economic development has
strong spatial non-stationarity. The other variables, such as ROAD (road traffic density),
CORP (corporation and enterprise density), TUD (Tencent user density), and so on, also
exhibit the spatial non-stationarity of their relationship with China’s county GDP, with the
optimal bandwidth being 157, 280, and 433, respectively.

Further, some interesting findings and some policy suggestions were generated in
this study. The impact of different factors on county economic development varies from
region to region in China. TUD and CROP have significant positive impacts in most regions
of China, while REALT (realty industry density), ROAD, PUB (public facilities density),
and CLAND show different effects for some parts of China. In particular, their impact
on the three major urban agglomerations in China are obviously different. REALTY and
CLAND have opposite effects on county economic development in the Beijing-Tianjin-
Hebei, Yangtze River Delta, and Pearl River Delta urban agglomerations, which may
be related to regional land-use efficiency. The influence of ROAD in different urban
agglomerations is also diverse, which may be related to the spatial form of various urban
agglomerations and the characteristics of the transportation network. Therefore, in terms
of the overall coordinated development of China, the government should pay attention
to the vitality of social media users in northwest China and the density of companies and
enterprises in northeast China. It is possible to consider strengthening the population
inflow in the northwest region and perfecting the entrepreneurship encouragement policy
in the northeast region, thus promoting the coordinated economic development of China.
In addition, regional governments should conduct economic planning according to the
regional conditions, for example, the Yangtze River Delta should control the development
of the real estate industry, the Beijing-Tianjin-Hebei area should construct reasonable
transportation roads, and the Pearl River Delta should improve the efficiency of land use
and rationally develop construction land.

Despite this study having contributed significant findings that will help guide future
sustainable plans for economic development, we must acknowledge some limitations that
need to be resolved in future research. One limitation is that while this study used the
MGWR model to identify the impact range of each variable on county GDP, the underlying
mechanism of this multiscale effect cannot be discussed in depth due to the limitations of the
current theories and the exploratory nature of the MGWR model’s data analysis. Moreover,
this study only explored the linear associations between different factors and GDP, and only
discussed the characteristics of different urban agglomerations based on previous research
findings. However, the economic development of a region is a complicated process that
is influenced by many factors in various ways, thus it is necessary to further explore the
influencing mechanism of economic development by using nonlinear models, such as the
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deep learning method and the geographical detector model [64]. A study by Sun (2020)
has made significant contributions to using deep learning methods to explore complex
relationships in GDP modeling [65]. Therefore, future work can be combined with nonlinear
models to further explore the formation mechanism of economic development differences
in different regions.
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