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Abstract: This study analyzed data from 1995, 2005, and 2015 using mathematical calculations, spatial
analysis, and a geographically weighted regression model. The results showed that from 1995 to
2015, the comprehensive regional development degree (RDD) of urban agglomeration in the middle
of Jilin Province increased overall, with the average RDD increasing from 0.250 in 1995 to 0.323 in
2015. Especially in Changchun, a sub-provincial city, the RDD increased by nearly one-third, and the
gap between this and other cities has been increasing. However, the ecosystem service value (ESV)
decreased overall, with the average ESV decreasing from 108.3 in 1995 to 105.4 in 2015, and showed
a strong spatial correlation. The maximum quantile in southeast–northwest direction was 1.712,
with good homogeneity. The spatial influence coefficient of the RDD on the ESV showed a trend
from positive to negative in the northwest–southeast direction. This value decreased continuously
while the negative agglomeration area was gradually expanding, corresponding to the stressful
effects of the RDD on ESV. The results of this study can provide a reference for urban planning and
development as well as encourage reasonable regional spatial planning to ensure the sustainable
development of urban agglomerations.

Keywords: regional development degree; ecosystem services value; spatial response; geographically
weighted regression; urban agglomeration; Jilin province

1. Introduction

An urban agglomeration is an important aspect and endpoint of urbanization for
rural hinterlands. The impact of the social, economic, and land development processes
caused by rapid regional urbanization on ecosystem services is a research topic of academic
concern [1–7]. It is predicted that in the first 50 years of the 21st century, urban development
will eventually result in 60–70% degradation of ecosystem services worldwide. There are
similarities and differences between urban and regional development, especially in the
important hinterlands of China’s rapid urbanization. The spatial response characteristics of
the ecosystem service value (ESV) during the development of specific regions have practical
value for the sustainable development of urban agglomerations [8–12].

The interactions between regional development processes and ecosystems have be-
come the focus of the human–land relationship worldwide. Previous studies on regional
development and ecosystem services have focused on the following three aspects: the im-
pact of land use change and landscape pattern evolution on ESV and the response of
ESV to land use degree [3,13–21]; anthropogenic changes to the quantity, patterns, func-
tions, and structures of land use through urbanization that affect ecosystem services or
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the relationship between urbanization and ecosystems [22–31]; and the formulation and
implementation of spatial land planning, which raises awareness regarding the multi-
objective development of urban space for society, economy, and ecology [32–37]. It is
critical to consider ESV and spatial responses to regional sustainable development and
optimize land resource management policies to improve ecosystem services. Therefore,
multi-dimensional, coordinated development of cities and regions under the constraints of
spatial planning has gradually become a research focus [34,38–41].

Since Costanza et al. published the article “Global Ecosystem Service Value and
Natural Capital” in Nature in 1997 [42], the principles and methods of estimating the
ESV have been clarified scientifically [43]. Institutions and scholars increasingly prefer
this method of evaluating ESV, which has undoubtedly promoted research on ecosystem
services. However, relevant Chinese experts have questioned whether these methods
are suitable for China’s reality and have improved them based on China’s ecological and
socio-economic conditions; as a result, “a method of valuing ecosystem services based on
expert knowledge,” which has been widely used since, was established [44,45].

Urban agglomerations are critical areas to coordinate national and regional devel-
opment [46]. Many studies have focused on the development processes and ecosystem
services of urban agglomerations [9,47]; however, studies on spatial responses based on
ESV in urban agglomerations, especially discussions on the impact of spatial development
structure, are lacking. The purpose of this study was to provide a scientific reference for
regional spatial development and policies to ensure the sustainable regional development
of urban agglomerations.

Jilin Province is a major grain-producing area and a pilot province for ecological envi-
ronmentalism in China. The urban agglomeration in the middle of Jilin Province was chosen
as the study area. Using socio-economic and land use data from 1995 to 2015, this study
analyzes the changes in the regional development degree (RDD) and ESV in this urban
agglomeration in 1995, 2005, and 2015 through mathematical calculations, spatial analysis,
and a geographically weighted regression (GWR) model. Further, this study examines
the spatial differentiation and response characteristics of ESV in this urban agglomeration,
providing a theoretical and empirical reference for promoting the revitalization of northeast
China and the sustainable development of urban agglomerations.

2. Materials and Methods
2.1. Study Area

The urban agglomeration in the central region of Jilin Province (Figure 1) shows a
rich gradient of changing characteristics as the terrain transitions from mountains in the
east to relatively flat plains in the central and western regions. As a whole, it belongs to
a temperate continental monsoon climate. Due to the apparent terrain characteristics of
the mountain-plain transition from east to west, precipitation and temperature also show
obvious echelon changes, characterized by a transition from a humid climate in eastern
mountainous areas to a semi-arid climate in western China. The temperature increases from
east to west, whereas the precipitation decreases from east to west. It is characterized by hot
and humid weather with periods of moderate dryness and wetness during the same season.

The agglomeration includes 27 county units, including one sub-provincial city: Changchun
(4741 km2); four prefecture-level cities: Jilin (3781 km2), Siping (1007 km2), Liaoyuan
(317 km2), and Songyuan (1250 km2); 11 county-level cities: Jiutai (2841 km2), Yushu
(4717 km2), Dehui (3012 km2), Shulan (4550 km2), Panshi (3859 km2), Jiaohe (6348 km2),
Huadian (6503 km2), Gongzhuling (4171 km2), Shuangliao (3091 km2), Fuyu (4638 km2),
and Meihekou (2171 km2); and 11 counties: Nongan (5234 km2), Yongji (2626 km2), Lishu
(3585 km2), Yitong (2536 km2), Dongfeng (2524 km2), Dongliao (2290 km2), Qianguo
(6018 km2), Changling (5739 km2), Qianan (3517 km2), Liuhe (3318 km2), and Huinan
(2274 km2), with a regional area of 96,658 km2, accounting for 51.23% of the total area of
the province. The agglomeration is the core area of social and economic development in
Jilin Province. In 2015, the total population was 20.3675 million, accounting for 73.98%
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of the total population of the province, and the gross domestic product (GDP) was CNY
1204.135 billion, which was 85.62% of the provincial GDP.

Land 2022, 11, 165 3 of 14 
 

 
Figure 1. Location of the study area and the urban agglomeration in the middle of Jilin Province, 
China. 

The agglomeration includes 27 county units, including one sub-provincial city: 
Changchun (4741 km2); four prefecture-level cities: Jilin (3781 km2), Siping (1007 km2), 
Liaoyuan (317 km2), and Songyuan (1250 km2); 11 county-level cities: Jiutai (2841 km2), 
Yushu (4717 km2), Dehui (3012 km2), Shulan (4550 km2), Panshi (3859 km2), Jiaohe (6348 
km2), Huadian (6503 km2), Gongzhuling (4171 km2), Shuangliao (3091 km2), Fuyu (4638 
km2), and Meihekou (2171 km2); and 11 counties: Nongan (5234 km2), Yongji (2626 km2), 
Lishu (3585 km2), Yitong (2536 km2), Dongfeng (2524 km2), Dongliao (2290 km2), Qianguo 
(6018 km2), Changling (5739 km2), Qianan (3517 km2), Liuhe (3318 km2), and Huinan (2274 
km2), with a regional area of 96,658 km2, accounting for 51.23% of the total area of the 
province. The agglomeration is the core area of social and economic development in Jilin 
Province. In 2015, the total population was 20.3675 million, accounting for 73.98% of the 
total population of the province, and the gross domestic product (GDP) was CNY 1204.135 
billion, which was 85.62% of the provincial GDP. 

2.2. Research Methodology 
2.2.1. Measurement of the RDD 

In this study, the “RDD Index” was used to evaluate the comprehensive RDD of the 
urban agglomeration and its evolutionary characteristics (Table 1). The basic data were 
standardized according to two types of positive and negative indices, and their weight 
was determined by the entropy method. The level of comprehensive regional develop-
ment was measured by the linear weighted sum method; the formula is as follows [48]: 

1
RDD RDD ( 1,2,3...9)

m

i i
i

iλ
=

= =  (1)

where RDD is the index of comprehensive regional development degree, RDDi is the 
standardized value of the index, and λi is the weight of the index i. 

  

Figure 1. Location of the study area and the urban agglomeration in the middle of Jilin Province, China.

2.2. Research Methodology
2.2.1. Measurement of the RDD

In this study, the “RDD Index” was used to evaluate the comprehensive RDD of the
urban agglomeration and its evolutionary characteristics (Table 1). The basic data were
standardized according to two types of positive and negative indices, and their weight was
determined by the entropy method. The level of comprehensive regional development was
measured by the linear weighted sum method; the formula is as follows [48]:

RDD =
m

∑
i=1

RDDiλi(i = 1, 2, 3 . . . 9) (1)

where RDD is the index of comprehensive regional development degree, RDDi is the
standardized value of the index, and λi is the weight of the index i.

Table 1. Regional development degree index evaluation system.

Development Dimension Classification Indicator Code Indicator Name Index Weight

Economic Development Degree (EDD)

RDD1 Per capita GDP 0.1273

RDD2 Proportion of secondary production 0.0627

RDD3 Per capita investment in fixed assets 0.1889

Social Development Degree (SDD)

RDD4 Regional population density 0.1923

RDD5 Urbanization rate 0.1087

RDD6 Per capita social consumption level 0.1162

Land Development Degree (LDD)

RDD7 Per capita construction land 0.0605

RDD8 Land use degree [49] 0.0545

RDD9 Proportion of construction land 0.0889

2.2.2. Methodology for the Valuation of Ecosystem Services

The ESV represents the benefits that human beings derive directly or indirectly from
the ecosystem, which can be divided into four categories: supply, regulation, culture,
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and support services. Based on the research by Costanza et al. [42], Xie et al. established a
table showing the ESV of different terrestrial ecosystems in China, which achieved good
results. ESV can be calculated as follows [45].

ESV =
n

∑
i=1

AiVCi(i = 1, 2, 3 . . . m) (2)

where ESV is the value of ecosystem services, Ai is the area of land use type i, VCi is the
ESV coefficient of the i land use type, and m is the number of land use types.

ESV per unit area was used to analyze the temporal and spatial evolution of ESV in
the urban agglomeration. Regional ESV was calculated first, which was then divided by
the total area of each unit to obtain the ESV per unit area.

2.2.3. Spatial Variation Function

The spatial variogram was based on regional variables, and its factors were random
and structural. It is an effective method for reflecting spatial correlation and heterogeneity
that can be calculated as follows [50]:

γ(h) =
N(h)

∑
i=1

[Z(xi)− Z(xi + h)]

2

/2N(h) (3)

2γ (h) = h(4−2D) (4)

where Z(x) is a regional random variable, h is the spatial distance between two sample points,
and N(h) is the total number of sample point pairs when the segmentation distance is h.

2.2.4. Geographically Weighted Regression Model

The GWR model is an extension of an ordinary linear regression model, wherein the
spatial position of the data is embedded into the regression equation. The general form is
as follows [51,52]:

yi = β0(ui, vi) + ∑
k

βk(ui, vi)xik + εi (5)

where (ui,vi) is the coordinate of the sampling point i and βk(ui,vi) is the k regression
parameter at the sampling point i, which is a function of geographical position. In the GWR
model, each spatial unit has a specific coefficient, and spatial non-stationarity is expressed
by statistics based on the influencing factors in different spatial unit coefficients.

2.3. Data Sources

Table 2 describes the data sources used in this study. Using ArcGIS 10.2 (ESRI,
Redlands, CA, USA), the land use was classified into seven types: cultivated land, wood-
land, grassland, water area, wetland, and construction land; unused land, as well as socio-
economic and administrative division data, were integrated into the framework above.
Thus, we established a research database of RDD and ESV of the urban agglomeration in
the middle of Jilin Province.

Table 2. Data sources and descriptions.

Data Types Data Sources

Land use data Chinese Academy of Sciences Resource and Environmental Data Center
(http://www.resdc.cn/, at 28 December 2017)

Socio-economic data Statistical Bureau of Jilin Province
(http://tjj.jl.gov.cn/, at 8 September 2017)

Administrative division data Chinese Academy of Sciences Resource and Environmental Data Center
(http://www.resdc.cn/, at 19 February 2017)

http://www.resdc.cn/
http://tjj.jl.gov.cn/
http://www.resdc.cn/
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3. Results
3.1. Changes in RDD and ESV

Using the calculated RDD and ESV, a heat map was created through analysis in Ori-
gin2021 (Figure 2). From 1995 to 2015, the RDD of the urban agglomeration showed an
overall growth trend, with the average RDD increasing from 0.250 in 1995 to 0.323 in 2015.
Especially in Changchun, a sub-provincial city, the RDD increased by nearly one-third,
and the gap between this and other cities has been increasing. Notably, the urban agglom-
eration had a single-core urban agglomeration development model. Notably, the Changji
metropolitan area is the core of the urban agglomeration. In addition, further compar-
isons showed that the comprehensive development degree of each prefecture-level city in
the agglomeration was evidently higher than that of the surrounding counties and cities.
Therefore, the urban area drives the development of the surrounding counties and cities,
which agrees with the objective law of urban development; however, the driving effect was
insufficient. Furthermore, the RDD of Jilin declined extensively. The speed and quality
of urban development were higher than those of other marginal areas. However, the ESV
of the agglomeration showed a downward trend overall, and the average ESV decreased
from 108.3 in 1995 to 105.4 in 2015. On the administrative level, the ESV of Changchun was
evidently lower than that of other regions.

3.2. Spatial Differentiation of ESV

According to the spatial variogram results for each parameter (Table 3), from 1995 to
2015, the nugget coefficient first increased and then decreased, which indicates that the
spatial correlation of ESV in the urban agglomeration first decreased and then increased;
additionally, it showed strong spatial correlation. The decision coefficient was also relatively
large, indicating that the theory corresponded well to the actual situation. Furthermore,
it demonstrated that the ESV of the urban agglomeration had a strong spatial correlation and
that the interaction and linkage effect in ESV among the various units of the agglomeration
were significant. Furthermore, its spatial heterogeneity was affected by both structural
and random components, and the spatial variation in ESV caused by random components
(policies and regulations, human factors, etc.) was less than that caused by the structural
components (social, economic, and land factors). The spatial variation fitting model selected
by the least square method was a Gaussian model with three periods, and the simulation
fitting degree was high.

Table 3. Variogram function fitting parameters for the spatial structure of the ESV of the urban
agglomeration in the middle of Jilin Province.

Name Parameter 1995 2005 2015

Variable range a 212,522.63 280,072.61 221,702.50
Nugget value C0 0.01 0.03 0.02

Base value C0 + C 0.09 0.11 0.09
Nugget coefficient C0/C0 + C 0.19 0.27 0.25

Fitting model Model Gaussian Gaussian Gaussian
Determining coefficient R2 0.82 0.69 0.74

The spatial variations in the ESV in the agglomeration showed (Table 4) that the fractal
dimension first increased and then decreased from 1995 to 2015 in all directions, and was
the highest in 2005 and lowest in 1995. The closer the fractal dimension to 2, the more
balanced was the spatial distribution, indicating that the spatial differences in ESV first
decreased and then increased. From 1995 to 2015, the fractal dimension was maximum in
the southeast–northwest direction. The fitting degree was relatively good, indicating that
the homogeneity of ESV in this direction was likewise good. The Kriging interpolation 3D
fitting in Figure 3 shows that the number of peaks first increased and then decreased from
1995 to 2015; they were concentrated in the east, with a gradual distribution in the central
and western regions.
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Table 4. Dimensional variations in the spatial structure of the ESV of the urban agglomeration in the
middle of Jilin Province.

Omni-Directional South-North (0◦) Northeast-Southwest (45◦)

D * R2 D * R2 D * R2

1995 1.700 0.755 1.354 0.581 1.085 0.525
2005 1.812 0.446 1.325 0.410 1.277 0.273
2015 1.754 0.640 1.248 0.362 1.475 0.270

East-West (90◦) Southeast-Northwest (135◦)

D * R2 D * R2

1995 1.350 0.303 1.677 0.556
2005 1.498 0.517 1.778 0.307
2015 1.527 0.487 1.712 0.465

* D: Fractal dimension.
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3.3. Spatial Response Characteristics of ESV

The influence coefficient was calculated using the GWR tool in the ArcGIS 10.2 software
(ESRI, Redlands, CA, USA), and the model bandwidth was calculated by the Akaike
Information Criterion of the corrected (AICc) method. In the GWR model, each spatial unit
had a specific coefficient estimation method; therefore, the GWR results comprehensively
reflected the influence of independent variables on the ESV in various locations. The results
were visualized using the natural fracture method. The R2 values of the models in 1995,
2005, and 2015 were 0.747, 0.761, and 0.702, respectively, which showed a high degree of
fitting, and the fitting results of the GWR model were significant.

Figure 4 shows the spatial evolution of the intensity of the influence of the RDD on
ESV in the urban agglomeration. From 1995 to 2015, both positive and negative impacts
weakened. Additionally, the spatial impact coefficient showed a positive to negative trend
in the northwest–southeast direction, and this value decreased continuously. However,
in the southeastern region from 1995 to 2015, the impact coefficient changed evidently.
The negative agglomeration area was gradually expanding, corresponding to the stressful
effects of the RDD on ESV. This effect was especially noticeable in Changchun, the core city
of the agglomeration.
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4. Discussion
4.1. Impact of Land Use Distribution on ESV

The unused land in the northwestern areas of the urban agglomeration was widely
distributed, rich in resources, and high in development potential. This unused land could
be transformed into construction land by the urban agglomeration development process;
therefore, the positive values in the northwest were significant. The eastern region was
dominated by forest and water ecosystems, and the development process may destroy
forests or water bodies having high ESVs. Hence, the negative values in the northeast were
significant. This study directly evaluated the actual values of the converted ecosystem
services of each land type but did not consider ecosystem services and trade-off evaluations.
In a follow-up study, the InVEST model could be implemented to draw and evaluate the
goods and services in the ecosystems of urban agglomerations [53].

4.2. Influence of Different Dimensional Development Degrees on ESV

Urban agglomerations are important for spatial considerations in national devel-
opment and construction and are a complex social, economic, and natural ecosystem.
The changes in ESV are affected by many factors, such as economic, social, and land-related
development [3,4]. Additionally, GDP, industrial output value, investment in fixed assets,
population density, urbanization level, social consumption level, and the quantity and
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structure of construction areas all have a certain influence. Figure 4 shows the differences
between the RDD and the spatial response of ESV in each city. Additionally, the influence
coefficient shows a trend from positive to negative in the northwest–southeast direction,
with a continuously decreasing value. The regression variable diagram can further explain
the influence of the different dimensions of economy, society, and land on ESV (Figure 5).
The results showed that economic development degree was the main factor affecting the
negative ESV, and social development degree had less of a promoting effect on ESV than
LDD land development degree.
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4.3. Climate Change and Regional Economic Development

Urban agglomerations face greater climate change risks and environmental challenges
than other regions, even during pandemics [54–56]. The regional space has different
geographical landscapes and climate risks, including, for instance, urban heat islands,
soil salinization, and environmental pollution [57–60]. The unequal allocation of resources
caused by the difference in urban scale is likely to render small and medium-sized cities
unable to respond effectively to potential climate change risks. Therefore, in the face
of climate change risk, ensuring the overall common sustainable development of urban
agglomeration is an important issue.

5. Conclusions

The urban agglomeration is a complex socio-ecological system. Economic and social ac-
tivities and their resulting regional land use are expanding continuously, affecting ecosystem
patterns and leading to the evolution of ecosystem services. From 1995 to 2015, the RDD of
the urban agglomeration in the middle of Jilin Province exhibited an overall growth, with the
average value increasing from 0.250 in 1995 to 0.323 in 2015. The comprehensive development
degree of each prefecture-level city was higher than that of the surrounding counties and
cities. Furthermore, the comprehensive development degree of Changchun increased by
nearly one-third. However, the ESV of the urban agglomeration decreased overall, with the
average value decreasing from 108.3 in 1995 to 105.4 in 2015; additionally, it showed a strong
spatial correlation. Spatial heterogeneity in ESV in the urban agglomeration was more af-
fected by social, economic, and land factors than policies, regulations, and human factors.
Over time, both positive and negative effects of RDD influence intensity weakened, and the
spatial influence coefficient transitioned from positive to negative in the northwest–southeast
direction. Additionally, the influence coefficient of the southeastern area had evident spatial
changes, and the range of the area with a negative value gradually expanded. The results of
this study can provide a reference for urban planning and development as well as encourage
reasonable regional spatial planning to ensure the sustainable development of urban ag-
glomerations. Furthermore, climate change will hit the threshold of 1.5 ◦C with more severe
environmental, economic, and social consequences in the coming decades; this study can
reflect the spatial response of ESV in the process of urbanization under the natural and climatic
differences in different areas of urban agglomeration. In the future, under the background of
new urbanization and carbon neutrality, facing the potential risks of climate change, it provides
a foundation for the sustainable development of urban agglomerations.
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