& frontiers

@ Check for updates

OPEN ACCESS

Xin Ning,
Chinese Academy of Sciences (CAS), China

Jafar A. Alzubi,

Al-Balga Applied University, Jordan
Ramani Selvanambi,

VIT University, India

Tamanna Singhdeo,

Fairleigh Dickinson University Vancouver
Campus, Canada

Ziheng Chen,

Walmart Labs, United States

Wenhui Wang
wangwh@emails.bjut.edu.cn

Jian Zhang
zhangjian@bjut.edu.cn

05 February 2023
24 April 2023
12 May 2023

Wang W and Zhang J (2023) Measuring the
coupling coordination of land use functions
and influencing factors: a case study in Beijing.
Front. Ecol. Evol. 11:1159152.

doi: 10.3389/fevo.2023.1159152

© 2023 Wang and Zhang. This is an open-
access article distributed under the terms of
the Creative Commons Attribution License
(CC BY). The use, distribution or reproduction
in other forums is permitted, provided the
original author(s) and the copyright owner(s)
are credited and that the original publication in
this journal is cited, in accordance with
accepted academic practice. No use,
distribution or reproduction is permitted which
does not comply with these terms.

Frontiers in Ecology and Evolution

Frontiers in Ecology and Evolution

Original Research
12 May 2023
10.3389/fevo.2023.1159152

Measuring the coupling
coordination of land use functions
and influencing factors: a case
study in Beijing

Wenhui Wang'?* and Jian Zhang*

'Faculty of Architecture, Civil and Transportation Engineering, Beijing University of Technology, Beijing,
China, ?College of Civil and Architectural Engineering, North China University of Science and
Technology, Tangshan, China

Land use patterns significantly impact urban development by exerting production-
living-ecological functions (PLEFs). Scientifically measuring the relationships
among PLEFs is essential to support regional high-quality and sustainable
development. However, the current identification methods of PLEFs are biased,
and researches on the spatial distribution of coordination and conflict and their
influencing factors in metropolitan are insufficient. This study proposed an
improved PLEFs identification method to analyze the PLEFs in Beijing from 2000
to 2020 at a grid scale. Then, the coupling coordination degree (CCD) of PLEFS
was estimated by employing spatiotemporal data and spatial statistical models.
Finally, the impacts of the socioeconomic and natural factors on the CCD were
quantified by the geographically weighted regression model (GWR). The results
showed that from 2000 to 2020, (1) the areas with high CCD gathered in the plain
areas with high PF and LF, and the low CCD areas clustered in the mountainous
areas with low PF and LF; (2) the EF presented a closer positive relationship with
CCD in the plain areas, while the positive impact of PF and LF on CCD was more
substantial than EF in the mountainous areas; and (3) the population and GDP
factors had high positive effects on CCD in the north and west mountain areas,
and the altitude and slope factors negatively affected CCD in most areas of
Beijing, except for a few areas in the southeast. Therefore, formulating a regional
differentiation strategy to achieve the sustainable development of PLEFs in Beijing
was crucial.

production-living-ecological functions, coupling coordination degree, influencing
factors, geographically weighted regression, Beijing

1. Introduction

Land use change is one of the main determinants of global change (Verburg et al., 2009;
Steinhdufler et al,, 2015). Different products and services provided by land use types determine
their multiple functions (Zhang, 2005; Bach et al., 2015; Verstegen et al., 2016), and they are often
classified as production, living and ecological functions (PLEFs) (Peng et al., 2016; Zhou et al.,
2017; Ji et al., 2020). The production function (PF) provides agricultural, industrial, and service
products. The living function (LF) gives living and public services to human beings. Additionally,
the ecological function (EF) generates ecological products and services and maintains
environmental quality (Liu et al., 2018; Li et al., 2021). Since the PLEFs reflect the status and
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performance of regional land use, analyzing the PLEFs of land is an
effective way to assess land use conversion and its impact on
sustainability (Ma et al., 2014; Zhang et al,, 2015; Zhou etal., 2017). The
coordinated development of land use functions is of great significance
to the healthy, efficient, and sustainable development of human-land
relationship. Therefore, regulating the PLEFs can coordinate
socioeconomic growth and promote efficient and sustainable land use
(Steinhdufler et al., 2015; Li et al., 2021). Currently, land use patterns
have shifted dramatically due to global urbanization and
industrialization (Mulkul and Saha, 2017; Song and Deng, 2017; Yu
et al, 2020). However, the rapid shift causes problems such as
unbalanced and uncoordinated land development, which brings
significant challenges to the sustainable development of China
(Steinhdufer et al., 2015; Deng and Yang, 2021; Zhu C. et al.,, 2021).
These problems are confirmed to be closely related to the incoordination
of PLEFs, especially in populous regions in metropolitan areas (Deng
and Yang, 2021; Liet al., 2021; Zhu C. et al,, 2021). The uncoordinated
development of PLEFs restricts the sustainable development of land use
(Wiggering and Steinhardt, 2015; Feng et al., 2022). Therefore, it is
urgent to understand the interaction of PLEFs and to clarify the
influencing factors to achieve the best use of land multifunction.

The identification of PLEFs is the basis of exploring the
relationship among PLEFs. Researchers have conducted much work
on identifying and assessing PLEFs (Fu et al., 2021; Yin et al,, 2021).
There are two main methods for identifying PLEFs: one is based on
the quantitative analysis of the index systems and the other is based
on the land use classification. The first method evaluates PLEFs by
constructing an index system that could reflect the performance of
each function, and it focuses on the output of PLEFs (Andersen et al.,
2013; Wiggering and Steinhardt, 2015; Zhang et al., 2015; Tavora and
Turetta, 2016; Zhang and Li, 2022). However, the lack of a systematic
index system and the complex calculation process make this method
inconvenient (Yin et al., 2021). Moreover, it cannot be flexibly applied
to multiscale functional evaluation since the scope of data collection
is often based on administrative units (Yin et al., 2021). The second
method evaluates PLEFs by scoring the multifunction diversity of land
use with standards (Zhang et al., 2015; Hu et al., 2016; Duan et al,,
20215 Zou et al,, 2021). Although the multifunction identification
method of land use is simple and convenient, and it can also be applied
to multiscale research, it fails to reflect the practical output benefits of
PLEFs (Wei et al., 2021; Xie et al,, 2021). Furthermore, the division of
the research scale also affects the accuracy of the results (Deng and
Yang, 2021; Yin et al, 2021). A more extensive range means more
blurred and homogenized results. At present, the scope of research on
PLEFs is mainly based on administrative boundaries. However, it is
challenging for such a method to use administrative boundaries to
portray more internal and precise characteristics. Therefore, it is
necessary to adopt an optimized method to identify PLEFs at a smaller
scale and analyze their spatial characteristics.

Land use activities create PLEFs, and they interact spatially and
temporally (Zhu C. et al., 2021; Zhu Y. et al,, 2021). The interactions
of PLEFs are usually manifested in coupling coordination, which plays
a vital role in balancing the regional spatial structure and ensuring
regional stability and development (Zhou et al., 2017; Li et al., 2021;
Yao et al., 2021). Originating from physical science, coupling refers to
the phenomenon that multiple systems combine through diverse
interactions (Li et al., 2021). In addition, coordination refers to the
cooperative relationship among systems in the development process
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and reflects the efficacy or synergistic effect of the whole system (Li
etal, 2021). The coupling coordination degree (CCD) can accurately
reflect the synergism relationships among systems by quantifying both
coupling and coordination. Although the coupling coordination
degree model (CCDM) has been gradually improved and widely
applied in geography, environmental science, ecology, and other fields
(Yang etal,, 2021; Liu and Nie, 2022; Qi et al., 2022), few studies have
used CCDM in PLEFs research. Due to the
socioeconomic and natural factors, PLEFs and their interactions may

differences in

be heterogeneous in space and may change with time (Boone et al,
2018; Zhu C. et al., 2021). Therefore, it is critical to explore the CCD
of PLEFs and its influencing factors to deepen our understanding of
PLEF interactions and provide scientific support for decision-making
in optimizing territorial spatial patterns.

A good overview of studies has shown that PLEFs and their
interrelationships are related to human activities and natural changes
(Carreno et al., 2012; Zhu et al., 2020b; Li et al., 2021; Zhu C. et al.,
2021). Urbanization and industrialization drastically change land use,
which has profoundly affected agriculture and natural ecosystems (Lu
et al, 2013; Wei and Ye, 2014; Zhu et al, 2020a). Topography,
temperature, and precipitation affect the interaction of PLEFs by
changing climate, soil, and vegetation (Yang et al., 2020; Shen et al.,
2022; Tran et al., 2022). Additionally, the influence of various factors
on urban development has spatial heterogeneity. Therefore, exploring
the geographical heterogeneity of the influence of various factors can
help us accurately reveal the influencing mechanism (Zhu et al,
2020b). Recently, there are many data mining methods used to detect
the impact of influencing factors, including Support Vector Machine
(SVM), Decision Tree, and Random Forest (Yang and Zhou, 2020; Cai
et al, 2022; Oukawa et al., 2022). However, these methods mostly
stand on the perspective of global assumption, which assumes that the
relationship of variables are fixed and do not change with the spatial
location (Moghadam et al., 2018; Deng and Yang, 2021; Zhu C. et al.,
2021). This premise assumption violates the fact of heterogeneity or
non-stationary spatial relationships in the real geographical world
(Pourmohammadi et al, 2021; Ma et al, 2022). Fortunately,
geographically weighted regression (GWR) can obtain coefficient
calculation results with spatial heterogeneity, which uses the
information of adjacent space to estimate the independent coeflicients
of each calculation unit (Casolani et al., 2020; Zhu et al., 2020b; Shen
etal, 2022; Tran et al,, 2022). Therefore, GWR has better applicability
in exploring the special differences of influencing factors across space.

Currently, Beijing is undergoing dramatic changes in PLEFs, and
few studies have explored the coupling and coordination of PLEFs in
Beijing (Feng et al., 2022). As the capital of China, Beijing has
experienced rapid urbanization since the Reform and Opening-up,
resulting in tremendous farmlands and ecological lands being
converted into construction lands to support economic development
and population growth (Li et al., 2018; Yin et al., 2021). Consequently,
the rapid change in land use has exacerbated the conflict among
PLEFs (Liu et al., 2020). Notably, the two policies adopted by the
Beijing government have significantly impacted the spatial alteration
of PLEFS. The Reduction Development Policy has relieved Beijing of
functions nonessential to its role, which promotes the transfer of
extensive industries to surrounding areas, especially the plain areas (Li
etal,2019; Liu et al,, 2022). In addition, the Plain Afforestation Policy
has enabled the conversion of plentiful agricultural lands into
forestlands in plain areas (Hu et al., 2020; Jin et al., 2021; Wang Y. et al,,
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FIGURE 1
The study area of Beijing.

2022). These policies greatly affected the land use pattern and the
development of PLEFs, which changed the coupling and coordination
relationship of PLEFs. Accordingly, optimizing the PLEFs has become
a vital issue for Beijing’s sustainable development.

This study aimed to reveal the spatiotemporal variations of CCD
based on an optimized identification of PLEFs and discover the
influencing factors of the CCD in Beijing. To achieve this goal, this
study (1) identified PLEFs by an improved method that incorporated
multifunctional land use attributes and functional output benefits at
a grid scale, (2) calculated the CCD of PLEFs and explored their
spatiotemporal heterogeneity, and (3) detected the impacts of
socioeconomic and natural factors on CCD by employing GWR
models. These analyses may contribute to the coordinated
development of PLEFs by providing a scientific basis for optimizing
land use and governance.

2. Materials and methods

2.1. Study area

Beijing is the capital and one of the largest cities of China, which
is located from 39.4° N to 41.6° N and 115.7°E to 117.4°E with an area
of 16,410km™' The terrain is high in the northwest and low in the
southeast. Beijing is surrounded by mountains in the west, north, and
northeast, and the southeast is a plain gently inclined to the Bohai Sea
(Figure 1). In 2020, the gross domestic product (GDP) of Beijing was
3610.26 billion CNY, accounting for 3.56% of the total GDP of China.
The shares of primary, secondary and tertiary industries in GDP
accounted for 0.40, 15.80, and 83.80%, respectively. The population
was 21.89 million, of which the urban population accounted for
87.55% by the end of 2020. Recently, the Reduction Development
Policy and the Plain Afforestation Policy have brought about
considerable changes in land use and PLEFs (Li et al., 2019; Jin et al,
2021). The imbalance and heterogeneity of development in Beijing are
increasingly prominent and have emerged as the primary obstacle to
the region’s sustainable development (Yang et al., 2020).

1 http://www.beijing.gov.cn/
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2.2. Data sources

The primary data for this research included land use data, social
and economic data, and administrative boundary data in 2000, 2005,
2010, 2015, and 2020. The land use data were obtained from the
Resource and Environment Science and Data Center of the Chinese
Academy of Sciences.” The land use data were interpreted from
Landsat TM images with a spatial resolution of 30m (With the
progress of image processing technology, the interpreted results will
be more optimized; Ning et al., 2022, 2023). The social and economic
data were obtained from the Statistical Yearbook of Beijing, the
Regional Statistical Yearbook of Beijing, and the statistical yearbooks
of related districts and counties. The administrative boundary data
came from the Bigemap GIS Office.?

2.3. Methodology

We proposed a research framework of “multifunction identification
fundamental-multifunction optimization identification-characteristic
analysis” (Figure 2). The basic ideas are as follows: First, preliminarily
identify the multifunction attributes of land use, and establish a
multifunctional output benefits evaluation system; Secondly, the
preliminary evaluation values of land multifunction attribute are
modified by the weights of output benefits, and the comprehensive
identification results of PLEFs are calculated. Finally, the coupling
coordination is analyzed based on the comprehensive value of functions.

2.3.1. Identification and quantification of PLEFs
The index system and land classification are complementary when
identifying the PLEFs. Therefore, this study proposed an improved
PLEFs identification method by combining the two methods, which
could not only reflect the output benefits of PLEFs but also reveal
more details at the land use level. Here, this study made a preliminary
understanding of the PLEFs attribute values first. Then, established an
output benefits index system of PLEFs to analyze the weights of each

2 http://www.resdc.cnz

3 www.bigemap.com
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FIGURE 3
The basic steps of improved identification of production-living-
ecological functions (PLEFs).

function. Finally, modified the PLEFs attribute values of land use by
the weights of functions’ output benefits, and calculated the
comprehensive value of PLEFs (Figure 3). It is worth noting that this
optimization method can be flexibly mastered according to the range
of data obtained. According to the scale of the study area and feasibility
of data acquisition, we chose to use the output benefit data at the
administrative district level to realize the modification.

2.3.1.1. Preliminary evaluation of land use PLEFs

Production-living-ecological functions of land use have different
functional intensities. It is crucial to consider not only the difference
among functions in the same kind of land use but also the development
and change of functions with time variation to identify the PLEFs of
the land (Ji et al., 2020). Based on previous studies (Liu et al., 2017;
Deng and Yang, 2021), this study presented a modified identification
and quantification of PLEFs attributes in various land use types in
Beijing (Table 1). The score reflected the strength of the function. The
higher the score, the stronger the function. It is worth mentioning that
we optimized the score in two aspects according to the situation
in Beijing.

First, it highlighted regional characteristics and development
dynamics. Beijing has vigorously promoted the construction of
ecological civilization, which has given more prominence to the
ecological value of forestland and grassland and restricted the
development of production functions (Ji et al., 2020). Therefore,
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conditions and advancing with time.

Second, the value of EF in construction land was modified.
Previous studies only identified the PF and LF of construction land
but ignored its ecological repercussions. The expansion of construction
land and the massive discharge of pollutants have harmed the
environment (Kong et al., 2021; Yao et al, 2021). Therefore,
construction land should have a negative value on EE According to
the difference in the reduction degree of the ecosystem by different
types of construction land (Ji et al., 2020; Li et al., 2021), we determined
that the EF values of urban and rural residential land were —1, and
industrial and mining construction land were —3.

2.3.1.2. PLEFs’ output benefits evaluation

The social development indicators reflect the practical effects of
PLEFs. Therefore, we established a scientific index system to measure
the output benefits of the PLEFs. As one of the megacities in China,
Beijing’s production function system ranges widely, thus the
production function should include indicators representing the
primary industry, secondary industry, and tertiary industry (Feng
etal, 2022). The living function represents the ability to provide basic
conditions and welfare benefits, which are contributed by the
population, income, consumption capacity, and public service
facilities (Yu et al.,, 2020; Wei et al., 2021; Yin et al.,, 2021). The
ecological function includes the supply capacity of ecological resources
and the ability to maintain the ecological quality, and thus the
ecological function indicators should be able to reflect all the needs
above (Zhou et al., 2017; Wei et al., 2021). To sum up, based on the
principles of authenticity and typicality, this study selected the 18 most
important and representative indicators to fully reflect the PLEFs’
output benefits of Beijing in accordance with the existing researches,
and then calculated the PLEFs’ output benefits weights (Table 2).

Based on the above index system, this study used the entropy
weight (EW) method and the criteria importance through intercriteria
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TABLE 1 Preliminary PLEFs attribute values of land use in Beijing from 2000 to 2020.

2000-2004

2005-2010 2011-2020

Farmland 5 0 3 0 3 5 0 3
Forestland 1 0 5 0 5 0 0 5
Grassland 5 0 3 0 3 1 0 5
Waters 0 0 5 0 5 0 0 5
Urban and rural residential 3 5 -1 5 -1 3 5 -1
land

Industrial and mining land 5 1 -3 1 -3 5 1 -3
Unused land 0 0 1 0 1 0 0 1

correlation (CRITIC) method to calculate the comprehensive output
benefits weights of each function. The EW method determines the
weight of the indicators by judging the sensitivity of each factor in the
overall decision-making based on objective data (He et al., 2017).
However, some studies have shown that although the EW method can
use the dispersion degree between indicators to determine the weight,
it cannot compare the conflict between indicators (Fu and Chu, 2020).
Fortunately, The CRITIC method makes a way to measure the
contrast and conflict between indicators (Fu and Chu, 2020).
Therefore, this study proposed the EW-CRITIC method to give
weight to each function, since the integrated use of the two methods
could make the results more scientific and accurate. Considering the
EW and CRITIC are equally important, so they account for 50%,
respectively. The formula is as follows:

1 m
1+—§_ pijIn pj;
1P Py
sj: Inm ! (1)

n 1 m
Zi=1 (1 * Inm Zi:lpij In Pijj

%le(l_hﬂ)

€= o (2)
Zj—l(x_;Zi—l(l_P'f')]
wj= s -;—Cj 3)

Where s is the EW of indicator j, pj; is the standard value of
indicator j, ¢ ' is the CIETIC of indicator j, o j is the standard
deviation of indicator j, x; is the average center of indicator j, 7j is
the correlation coefficient between indicator i and indicator j, and w i
is the EW-CRITIC weight.

2.3.2. Calculation of PLEFs based on grid unit

An appropriate unit is the basis for the evaluation of PLEFs. Since
the grid units have less differentiation than the administrative units,
the research results are more accurate and targeted by applying grid
units (Deng and Yang, 2021; Li et al, 2021; Yin et al, 2021).
Meanwhile, the grid units should be divided according to the research
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scale (Yin et al., 2021). If the unit was too large or too small, the
characters of the results were homogenized or could not be extracted
(Yin et al,, 2021). Currently, the 1-5km grid, 500 m-3km grid, and
300-500m grid are generally used in province, city, and village,
respectively. Considering the scale of the Beijing Plain area, 500 m and
1-3km grids were established for comparison experiments, and a
1km x 1km grid was selected as the optimal unit for Beijing. Then, the
PLEFs values were calculated according to the quantity of various land
use types in the grid units and their PLEFs attribute values. The
formula is as follows:

27:1”’]'

M =my 7 (4)
7
G=)Y MA, (5)
s=1

where M is the modified function attribute value of land s; m is
the preliminary function attribute value of land s; ¢ is the number of
indicators in the function; G is the comprehensive identification
results of PLEFs; and A; is the area of land s in the unit. According to
the calculation results, the PLEFs values in Beijing were divided into
five types by Natural Breakpoint Class: high, medium-high, medium,
medium-low, and low.

2.3.3. Coupling coordination degree model

The coupling coordination degree (CCD) measures the level of
interaction among systems as well as their coordination (Zhou et al.,
2017; Yuetal.,, 2020). Based on the application in relevant fields (Yang
etal, 2021; Liu and Nie, 2022; Qi et al., 2022), the improved CCDM
was constructed for PLEFs. The formula is as follows:

D=\CxT (6)

C=3X43I(GP><GL><GE) @

Gp+Gp +Gg

T=aGP+ﬂGL +}/GE (8)
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TABLE 2 The output benefits index system of PLEFs.

Function Indicator

Primary industry output

10.3389/fevo.2023.1159152

Calculation method

——* (Yuan)

Proportion of primary industry

Primary industry output/gross regional production (%)

Secondary industry output

—— (Yuan)

Production function
Proportion of secondary industry

Secondary industry output/gross regional production (%)

Tertiary industry output

—— (Yuan)

Proportion of tertiary industry

Tertiary industry output/gross regional production (%)

Total permanent population

—— (person)

Urbanization level

Urban population/permanent population (%)

Per capita income

—— (Yuan)

Living function
Coverage of medical institutions

Number of hospital beds per 10,000 persons (beds/10,000 persons)

Education level

Number of students in primary and secondary schools (person)

Total retail sales of consumer goods

—— (Yuan)

Forest coverage rate

Forest area / total regional area (%)

Fertilizer application level

Applying quantity of fertilizer/gross regional production (ton/Yuan)

Energy consumption level

Applying quantity of energy/gross regional production (ton/Yuan)

Ecological function
Social electricity consumption

—— (kW-h)

Harmless treatment rate of waste

Harmless treatment waste/total domestic waste discharge (%)

Treatment rate of sewage

Treated sewage/total sewage discharge (%)

«

#“——" represents that the indicator is directly obtained from the statistical yearbook without calculation.

TABLE 3 Classifications of CCD among PLEFS.

Type Manifestation D-value
High coordination Functions are well integrated, and the development is coordinated and symbiotic. (0.8, 1.0]
Moderate coordination Functions are better integrated, and development is more coordinated. (0.6, 0.8]
Basic coordination Functions are basically coordinated and developed. (0.4, 0.6]
Moderate incoordination Functions are inadequately integrated, and hostile interactions arise. (0.2, 0.4]
Severe incoordination Functions interfere and antagonize each other, and the development is extremely uncoordinated. (0.0, 0.2]

where D is the CCD of PLEFs, with a value range of [0,1]; C is the
coupling degree among PLEFs, with a value range of [0,1]; the higher
the value is, the stronger the interaction; Gp, Gy and G, represent the
values of PE, LF and EEF, respectively; T is the integrated degree of
PLEF; a, B, and y are the importance coefficients of PE, LF, and
EE Most studies use equal importance coefficients for PE, LF and EF,
considering they are equally important for human social development
(Yang et al., 2020; Wei et al,, 2021). A few studies use different equal
coefficients, mainly considering the difference in outputs of the PLEFs
(Yu et al, 2020). However, this study considers that the unequal
importance of PLEFs is an objective fact, which does not mean that
such a fact is the criterion of coordination. Therefore, this study
prefers that PE, LF, and EF are of equal importance with the coefficients
were determinedasa = =y = y

To better judge the CCD, this study subordinated the CCD with
an equal interval to the following types (Table 3).

2.3.4. Geographically weighted regression model
The geographically weighted regression model (GWR) enhanced

the ordinary least squares model (OLS) by allowing for spatial

non-stationary, which caused the correlations between the variables
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to change with location (Casolani et al., 2020; Zhu et al., 2020b). The
GWR model could provide a set of local regression coefficients in each
unit for revealing the spatial difference of the influence of independent
variables on dependent variables (Casolani et al, 2020). The
calculation formula is as follows:

J
Y = Pio + D Pijxij + & )
i1

where ¥; is the dependent variable value for the unit i; ;o is the
intercept ; fj; is the regression coefficient for the j-th covariate for
the unit ; X is the value of the j -th covariate for the unit j; and &; is
the random error.

Bandwidth selection might severely influence GWR estimation, and
the optimum bandwidth should be carried out carefully (Casolani et al.,
2020). The Akaike information criterion (AIC) obtains the minimum
value through continuous iteration of sample data, which is widely used
to determine the optimal bandwidth of GWR (Zhu et al., 2020b). In this
study, we employed AIC to obtain the optimum bandwidth. Additionally,
a significant spatial correlation between the spatial distributions of CCD
was a prerequisite for applying the GWR model (Zhu V. et al,, 2021). If
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the spatial correlation was insignificant, the spatial location had little
impact on the CCD (Zhu Y. et al, 2021). Therefore, the spatial
autocorrelation model was applied to examine whether the observed
values in the spatial units were related to those observed in adjacent
spatial units (Zhu Y. et al., 2021). The calculation formula is as follows:

nZ?zlz;zlwy (Gi-G)(G,;-G)
XZ?:l(G" - 6)2 X (Z;ijl“’if')

Global Moran's I = (10)

where 7 is the global Moran’s I index; G; and G j are the CCD
values of unit and unit j, respectively; n is the number of regions; G
is the mean CCD value of the entire region; and w;; represents the
spatial weight matrix, which can be obtained from spatial relationships.
Since the grid generates relationships by sharing edges and corners, it
would be efficient to calculate a spatial weight matrix by defining
spatial relationships in terms of whether edges and corners are
adjacent (cf. the GIS manual for the choose of spatial relationship
conceptualization method). This would be achieved with the help of
the Contiguity (Edges and Corners) tool in Arcgisl10.8 (Esri,
United States). The range of Moran’s I was [—1, 1]. When I>0, the
CCD shows a positive correlation state in space. When I<0, the CCD
shows a negative correlation state in space. When I=0, the CCD is
utterly unrelated to another CCD of an adjacent region.

2.3.5. Selection of influencing factors

Socioeconomic and natural factors significantly influenced the
PLEFs (Wiggering et al., 2006; Fan et al., 2021; Li et al., 2021).
Considering the availability and representativeness of data, the
population and gross domestic product (GDP) were proposed as
socioeconomic factors (Yang et al., 2020; Zhu et al., 2020a; Yao et al,
2021; Zhu C. et al, 2021). Altitude, slope, precipitation, and
temperature were chosen as natural factors (Zhou et al., 2017; Yang
etal, 2020). The factors values were calculated by the total number of
factors in each grid.

Before using GWR, it was necessary to diagnose the statistical
significance and multicollinearity of the factors through the
probability value (p) and variance inflation factor (VIF; Liu et al,
2021; Zhu Y. et al., 2021). Then, we screened out the factors with

significant influence and no collinearity for GWR analysis.

10.3389/fevo.2023.1159152

3. Results

3.1. The spatiotemporal change pattern of
PLEFs

Figure 4 displays the dynamic changes and spatial distribution of
the PLEFs in Beijing. Overall, Beijing experienced a decrease in PF
and EF and an increase in LF from 2000 to 2020. Furthermore, EF was
always above PF, followed by LE The PF decreased sharply in the past
20years, except for a slight increase from 2005 to 2010. Additionally,
LF and EF both reached a turning point in 2015 but showed the
opposite trend: LF first increased by 0.54 and then declined by 0.18,
and EF first dropped by 0.32 and then rose by 0.13.

The spatiotemporal pattern of the PLEFs in Beijing was visualized
using Arcgis10.8 (Esri, United States; Figure 5). The high-value areas
of the PF were mainly concentrated in the southeast, which was plain.
The decreasing trend of PF primarily existed in the mountainous areas
and suburbs in the plain areas. The LF generated a highly dense
pattern in the downtown and district centers with high urbanization,
which had convenient transportation and enough facilities. The LF
increased to different degrees in most plain areas over the research
period, especially in the downtown area. However, the EF was inverse
to the LF with distributions. The high-value area gathered in the
mountainous areas, and the low-value areas clustered in the plain
areas. The EF dropped across the plain areas and rose in the
mountainous areas. The spread of urban construction presumably
caused the extension of the low-value areas of EF.

3.2. The spatiotemporal change pattern of
CCD

Figure 6 illustrates that the average value of CCD first remained stable
at approximately 0.48 from 2000 to 2005 and then decreased to 0.45 in
2020 with a slowed downtrend. The proportion of moderate coordination
CCD areas increased from 27.92% in 2000 to 35.69% in 2015 and then
decreased to 34.31% in 2020. In contrast, the proportion of basic
coordination areas decreased from 29.98% in 2000 to 16.17% in 2015 and
increased to 17.26% in 2020. Additionally, the ratio of moderate and
severe incoordination areas fluctuated approximately 41.26-47.04% and
1-2% (Figure 7), respectively. Regarding the spatial distribution, the CCD
presented a sharp declining trend from the plain areas to the mountainous
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FIGURE 4
Evolution trend of PLEFs in Beijing during 2000-2020.
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areas, and formed an opposite development trend (Figure 8). In summary,
the CCD of the PLEFs was polarized with the improvement in the plain
areas and the deterioration in the mountainous areas.

3.3. Influencing factors of CCD

Table 4 shows the global autocorrelation analysis on the CCD of
PLEFs in Beijing in 2000 and 2020. Moran’s I statistics were
significantly positive, indicating that the CCD in Beijing was spatially
interrelated. Accordingly, we constructed the GWR model to
determine socioeconomic and natural factors affected CCD in Beijing.

Table 5 demonstrates that all the factors passed the significance
test with a value of p of 0, and the VIF values of population, GDP,
altitude, and slope were under 7.5, which could be chosen for
independent variables.

Frontiers in Ecology and Evolution

The GWR model detected the spatial differences in the factors’
impacts on the CCD of PLEFs in Beijing. The proportions of positive
and negative regression coefficients of factors were calculated to
reflect the comprehensive effect of factors (Figure 9), and the
regression coeflicients of each factor were visualized with ArcGIS
10.8 (Esri, United States; Figure 10).

For the population factor, areas with positive values dominated
above 95% of the whole in both 2000 and 2020. The absolute
advantage of areas with positive values proved that population had
a positive impact on CCD in Beijing. However, according to the
spatial differentiation, we found that the high-value areas
decreased, indicating that the positive effect of population on CCD
was weakening. Most high-value areas clustered in the northern
and southwestern mountainous areas, whereas the area shrunk
in 2020.
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Regarding the GDP factor, the positive—negative structure of the
regression coeflicient had a distinct change in the period. In 2000, the
positive-negative structure was 96 and 4%; in 2020, the positive—
negative structure was 85 and 15%. The proportion of areas with
positive values dominated, which suggested that GDP growth
encouraged the improvement of CCD in general. Notwithstanding, the
decrease in positive areas hinted that the GDP’s promotion effect on
CCD was waning. The areas with positive and negative values
crisscrossed in the northern and western mountains making the spatial
differentiation of GDP complicated. Overall, the positive effect of GDP
was greater than that of the negative impact in the mountainous areas.

Concerning the altitude factor, the areas with positive and negative
coefficients were 43 and 57% in 2000, and 29 and 71% in 2020,
respectively. In addition, the spatial differentiation demonstrated that the
positive-value areas were concentrated in Shunyi, Tongzhou, and Daxing
in the southeast, whereas these high-value areas decreased in 2020. The
negative value areas were distributed in the north and east mountainous
areas and expanded in 2020. The increasing number of negative areas

10.3389/fevo.2023.1159152

demonstrated that altitude had a broader negative effect on the CCD,
further confirming the decline in CCD in the mountainous areas.

Regarding the slope factor, the positive-negative structure was
nearly 15 and 85% in 2000 and 14 and 86% in 2020. According to the
spatial differentiation, negative-value areas covered most areas except
the center of Miyun, Daxing, and southern Tongzhou. The results
showed that slope had a steady negative impact on the geographical
distribution of the CCD of PLEFs since they were largely consistent
with those from 2000.

4. Discussion

4.1. Insights into the changes in PLEFs and
CCD

Due to the adoption of the improved method, the identification
of PLEFs in Beijing comprehensively reflected the multifunction of
land use and the practical output benefits, which promoted the
accuracy of the research results. The changes in PLEFs and CCD were
significantly varied in time and space. In general, the decrease in PF
and EF and the increase in LF led to a reduction in CCD, and the
spatial distribution showed a different trend between the plain and
mountainous areas (Figures 4-8). This phenomenon also exists in
other metropolitan areas (Zhou et al., 2017; Yu et al., 2020; Zhu
C. et al,, 2021). The difference may come from the terrain, which
shows that the terrain had a critical impact on land use (Li et al.,
2021). Since the plain areas are flat and suitable for construction
activities, they attract PF and LF to gather intensively (Qiang and Hu,
2022). However, due to the distance from the city center and the
terrain restrictions, human development and construction activities
are limited in the mountainous areas, resulting in a high EF and low
PF and LF (Wang A. et al,, 2022). Furthermore, the heterogeneity of
PLEFs also led to a higher CCD in the plain areas than in the
mountainous areas (Figures 5, 8). Therefore, to improve CCD in
different terrain areas, promoting EF in the plain areas and enhancing
PL and LF in the mountainous areas would be more critical.
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TABLE 4 The results of spatial autocorrelation model.

Parameters Moran’s | Z score Value of p
2000 0.745837 134.710653 0.000000 ‘
2020 0.840614 151.825267 0.000000 ‘

In addition, the GWR analysis results further supported the above
statements. Population and GDP growth strongly impacted the CCD of
the northern and western mountain areas, indicating that these two
factors benefitted the coordinated development of PLEFs in the
mountainous area (Figures 9, 10). These results may be connected to
low-density human activities in mountainous areas. PF and EF originate
from human activities, and where human activities are intensive, the PF
and LF are also remarkable (L.uo et al.,, 2018; Wu et al., 2021). However,
Beijing’s mountainous areas were essential as ecological barriers,
restraining the ability to flourish economically there (Figure 5). As a
result, people relocated from mountainous areas to plain areas in search
of better lives and employment, which caused the PF in the mountainous
areas to decline. In contrast, given that the population in the plain areas
was already relatively dense, an increase in population would not
significantly increase the CCD but rather exacerbate urban problems
(Figure 10). Therefore, it is unwise to indiscriminately recruit the
population in the whole of Beijing to improve the CCD, which is only
effective in the northern and western mountain areas (Figure 10).
Meanwhile, developing industries appropriate for the resource
endowment of mountainous areas in accordance with local conditions
is also crucial for improving CCD based on safeguarding the ecological
function. In addition, the negative effects of altitude and slope factors
further proved the above assertion about the influence of terrain on
PLEFs and CCD differentiation (Figures 8, 10).

Furthermore, by comparing the changing trend of PLEFs and
CCD in Beijing, it could be found that PF negatively impacted CCD
in the plain areas, and the EF showed a negative relationship with
CCD in the mountainous areas (Figures 5, 8). Interestingly, according
to the CCD calculation formula, PE, LE, and EF should be positively
correlated with CCD. This deviation may result from the trade-offs
between the PLEFs (Carreno et al., 2012; Turner et al,, 2014; Fu et al.,
2022), which dovetailed with the research results in the Yellow River
Basin, the Yangtze River Delta, and Denmark. In other words, due to
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limited resources, inappropriate promotion of one function will lead
to the decline of other functions, and bring counterproductive effects
on CCD. Therefore, we believe the government should take measures
carefully to improve functions according to local conditions and
reduce the conflict among them, maximizing the positive impact on
CCD and reducing the damage to other functions.

4.2. Policy insights for sustainable
development in Beijing

The change in PLEFs resulted from land use change driven by
policies. Beijing has put several measures that have a significant
impact on the PLEFs, such as the “Relieve Noncapital Functions” and
“Plain Afforestation” The implementation of these projects has
increased the area of forestland and decreased the construction land
(Feng et al., 2022). It has also changed the structure of the PLEFs,
offering a way to enhance the CCD. Therefore, policies can
be developed in accordance with regional circumstances to promote
the optimal development of PLEFs.

The spatiotemporal variation in PLEFs and CCD in Beijing
showed the essential impact of changes in disadvantaged functions
driven by policies (Liu et al., 2020). The research results showed that
the CCD obviously increased in the plain areas, where “Plain
Afforestation” was implemented. Compared with PF and LE, EF was
much less functional in the plain areas (Figure 5). However, “Plain
Afforestation” significantly improved the EF from 2015 to 2020, and
the CCD also improved accordingly in the plain areas (Figures 4, 8).
Therefore, adopting ecological projects and protection measures could
enhance the CCD of PLEFs in plain areas. However, the EF could not
exert dramatic effects to improve the CCD in the mountainous areas,
where the EF was generally high (Figures 5, 8). Due to the small
population and underdeveloped industries, the low PF and LF
restricted the improvement of the CCD (Figures 5, 10). This finding
was in line with the high positive coefficients of socioeconomic factors
and low negative coefficients of natural factors in the northwest
mountainous area (Figures 9, 10). Therefore, it should be considered
to enhance the CCD in mountainous areas by initiating policies to
attract the population and encourage the environmentally friendly
high-quality industry.
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TABLE 5 The results of value of p and VIF of diagnoses.

10.3389/fevo.2023.1159152

Factors Population Precipitation Temperature Altitude
p VIF p VIF p VIF p VIF
2000 0.00 1.68 0.00 2.20 0.00 8.67 0.00 10.53 0.00 5.09 0.00 2.82
2020 0.00 1.86 0.00 1.88 0.00 12.46 0.00 15.10 0.00 4.29 0.00 2.80
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Here, we suggest that the top priority for future policy-making is
implementing differentiation strategies to improve PLEFs and CCD
according to local conditions in Beijing. Ecological restoration and
environmental protection policies should continue to be implemented
in the plain areas. Meanwhile, The CCD would be optimized in

mountainous areas through population attraction and
industrial upgrading.
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5. Conclusion

Coordinating PLEFs has become a vital issue for resolving the
conflict between humans and nature and realizing the sustainable
development of the environment. Quantitative analysis of the coupling
coordination of PLEFs and the influencing factors will benefit the
optimization of land use patterns. This study proposed an improved
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PLEFs identification method based on multifunctional land use and
output benefits index system to analyze the PLEFs of Beijing from
2000 to 2020 at a grid scale, which promoted the accuracy and
reliability of the research results. The CCDM was used to estimate the
coupling and coordination of PLEFs first. The results showed that the
high CCD areas gathered in the plain areas and EF had a noticeable
positive impact on CCD, since EF was fragile there. Additionally, the
low CCD areas were mainly distributed in the mountainous areas, and
PF and LF had a higher positive effect on CCD as they were less
developed there. Therefore, to improve CCD effectively, promoting EF
in the plain areas and enhancing PL and LF in the mountainous areas
would be more critical. In addition, the promotion of functions should
be careful to avoid damage to other functions caused by the trade-offs
among PLEFs, which would be counterproductive to the CCD.

Then, the geographically weighted regression model (GWR) was
used to detect the correlation between CCD and socioeconomic and
natural factors. The correlation showed that population and GDP
factors had positive effects to varying degrees in most areas, and
altitude and slope had negative effects except for a few areas in the
southeast. In addition, population and GDP had high positive effects
in the northwest mountainous area, consistent with the positive
impact of PF and LF on CCD in the mountainous areas. Therefore, it
is unwise to promote CCD by blindly increasing the population
density and GDP for all of Beijing, which is just effective in the
northern and western mountainous areas. To sum up, it is critical to
formulate regional differentiation strategies for improving CCD in
Beijing, such as implementing ecological construction and protection
policies in plain areas and industrial structure optimization, industrial
efficiency improvement, and population transfer development
strategies in mountainous areas.
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