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Abstract: Although there have been many discussions about the influencing factors of urban expan-
sion, the heterogeneity of the driving mechanisms behind urban form remains poorly understood.
Therefore, this paper evaluated the heterogeneous impacts of potential determinants on urban form,
considering regional disparities and the stage of development. Based on land use data collected from
Landsat ETM and TM scenes, the landscape metrics of urban size, urban centrality, urban shape
irregularity, and urban fragmentation were measured to describe the urban form of 265 Chinese cities.
We find that the regional disparities and development-stage variations significantly affect urban
form. All urban form variables showed a significant stair-stepping difference in cities at various
development stages, indicating that as a city upgrades its level of development, the intensity of urban
expansion gradually increases, the shape of the urban edge becomes more fragmented and the urban
built-up area becomes more compact. Urban form in Chinese cities shows significant geographical
heterogeneity in terms of its driving forces. The effect of the socioeconomic factors on urban form
also presented changes depending on the development stage. Our results provide helpful references
for policymakers within urban spatial structure planning and land resource management.

Keywords: urban form; driving forces; geographical heterogeneity; development stage; China

1. Introduction

Urban populations have witnessed constant growth in recent decades, and urbaniza-
tion is now a global phenomenon [1]. At present, more than 50% of the global population
lives in urban areas, and this proportion is expected to exceed 67% by 2050 [2]. The built-up
area of cities around the world has expanded rapidly in line with the increase in urban
population [3]. Beyond sheer size, this expansion has also led to changes in other ur-
ban form parameters, such as urban compactness and urban shape complexity. Urban
areas are the engines of population aggregation and economic growth, upgrade industrial
structures, and lead to social prosperity [4]. However, urban areas not only offer opportuni-
ties for social and economic development—they are also linked to the creation of severe
environmental challenges [5,6]. Aiming to address these challenges, sustainable plans
for urban development must be devised; such plans, in turn, require a greater scientific
comprehensive of the spatiotemporal patterns and causes of changes in urban form [7].

Urban form, which is the physical arrangement of structures, spaces, and objects that
make up cities, plays a pivotal role in society. It refers to the spatial distribution and orga-
nization of urban entities, encompassing factors such as building density, land use patterns,
infrastructure, and transportation systems. This formation significantly impacts not only how
we navigate cities, but also how resources are utilized, and how physical activity within these
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spaces is facilitated [8–10]. Urban form has been measured, characterized, and evaluated
in a variety of ways, sometimes indirectly—for instance, population density [11] and the
economy [12]. Recent developments in remote sensing technologies have seen the increasing
utilization of landscape metrics to measure urban form, which is often addressed regarding
the three aspects of urban expansion, urban shape complexity, and urban compactness [13,14].
Beyond these analyses, urban form has also long been considered as a field of intervention
and study within the disciplines of urban management and spatial planning [15,16]. In the
above traditions, much of the research has been devoted to investigating the influencing
factors and mechanisms at work in urban form, with scholars addressing aspects as diverse as
physical factors [17–19], population [20–22], economic growth [23–26], infrastructure [27,28],
industry [29], and policy [30–32]. Although increasing attention has focused on the determi-
nants of urban form, previous studies in the field have only focused on urban expansion (or
urban growth) [33–35], examining various factors in order to investigate its causes [36,37].
Nevertheless, the term “urban form” describes the form of the spatial distribution of the
composition of urban entities, including not only urban growth but also urban shape and
fragmentation. There has been little discussion about the determinants of these other aspects
of urban form to date.

In addition, although much of the previous literature has focused on the determinants
of urban form, they only focused on one single city or region, such as Beijing [38,39],
Guangzhou [24,40], Jiangsu [41] or the Yangtze River Delta [42,43]. The strength and
direction of the impact of the various determinants on changes in urban form appears
to differ between studies. Some studies have analyzed data from different periods and
found that the contribution of various determinants to urban expansion changes over
time [19,44]. This finding naturally provokes the question: do the driving forces behind
changes in urban form vary in space and at different developmental stages? Despite the
importance of this question, variations in the influencing factors behind changes in urban
form have rarely been studied in relation to their effects at different geographical scales
and/or economic development levels. This study will attempt to fill this gap by evaluating
the influencing factors that affect urban form in China, considering a range of different
economic development stages and different geographical locations.

To sum up, lots of studies exist have explored the influencing factors of urban ex-
pansion, and these findings enhance our comprehension of the spatial and temporal char-
acteristics of urban growth and its influencing factors. Nevertheless, previous studies
suffer from some drawbacks. Firstly, the research has generally been directed towards the
influencing factors behind urban sprawl (or urban growth) [45–47]. Urban form, however,
is a more comprehensive term than urban expansion, and knowledge about the driving
forces of urban form—which is necessary for urban management and spatial planning—is
still lacking. Second, the heterogeneity of urban form factors is rarely discussed within con-
temporary scholarly discourse. Due to the wide range of natural environments, geophysical
conditions, and socioeconomic conditions that characterize urban areas, the driving forces
behind urban form can be expected to vary from region to region and stage to stage. This
variation has not yet been comprehensively dealt with by the literature. Third, existing
analyses of the driving forces at work in urban form have mainly been carried out at the
level of individual cities [20,28]. Several studies have produced estimates of the drivers
of urban sprawl in some counties or cities [48]. A nationwide survey of the drivers of
urban form, however, remains lacking in the Chinese context. Such a study would be
essential to the formulation of national policies. Thus, the contribution of this paper is to
evaluate the spatial–temporal patterns of the urban form of China’s urban areas, and to
verify the heterogeneity of the driving forces behind those identified patterns. On the basis
of land use data interpreted from Landsat TM scenes and Landsat ETM scenes, landscape
metrics are applied to estimate the urban form of 265 cities in China, taking into account the
perspectives of urban size, urban centrality, urban shape irregularity, and urban fragmenta-
tion. A panel regression model is adopted to evaluate the impacts of the selected potential
determinants on urban form with consideration of regional location and development
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stage. The results of this study constitute a helpful reference for policymakers within urban
land-use management and spatial planning.

2. Data and Methodology
2.1. Study Area

Since the economic reforms of 1978, China—the second-largest economy and largest
developing country in the world—has witnessed the greatest flow of rural–urban migration
in world history, with an urbanization rate increase from 17.6% in 1978 to 57.35% in 2016,
at an average annual growth rate of 1.02%. With the total area of urban land expanding
from 7438 km2 in 1981 to 45,566 km2 in 2015, urban areas in China have also undergone
significant expansion, accompanied by considerable changes to the configuration of the
urban landscape pattern. With its vast territory and large differences in the level of de-
velopment of its various regions, China offers scholars an excellent opportunity to study
the spatiotemporal pattern of urban form and geographical heterogeneity in the driving
mechanisms of urban form. In this paper, we selected all 265 prefecture-level cities in China
as study cases (Figure 1). Using Chenery’s criteria, which are based on per capita GDP and
the most common indicator used to evaluate the stage of economic development [49], the
265 cities were classified into three development categories on the basis of per capita GDP:
cities in the primary and middle stages of industrialization (77 cities), cities in the late stage
of industrialization (117 cities), and cities in the developed stage (68 cities) (Figure 2).
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2.2. Indicators Quantifying Urban Form

In order to characterize the spatiotemporal dynamics at work in the urban form
patterns of China’s 265 prefecture cities from 1990 to 2015, urban built-up area boundaries
were determined using the global database of annual urban dynamics data from 1985 to
2015 at 30 m resolution, employing a large amount of surface reflectance data provided by
Landsat satellite, which were published by Liu et al. (2020) [50].

Landscape metrics, which aim to measure both the regulation and the design of the
uses of urban space, have been widely used to represent urban form by describing the
pattern and structure of a landscape. According to previous studies, six landscape metrics
were adopted to measure urban form and its changes: total area (TA), number of urban
patches (NP), the largest patch index (LPI), the landscape shape index (LSI), the percentage
of like adjacencies (PLADJ), and the aggregation index (AI). These metrics were considered
to characterize four aspects of urban form, namely size, centrality, shape irregularity and
fragmentation. Each of these aspects provides a unique perspective on the understanding
of urban form. The ‘size’ is often associated with urban expansion, depicting the extent of a
city’s growth. ‘Centrality’ relates to urban compactness, reflecting the efficient use of space
within a city. ‘Shape irregularity’ ties in with urban shape complexity, encapsulating the
intricacy of the city’s layout, while ‘fragmentation’ examines the degree of discontinuity
in urban spaces. In the context of urban form, these aspects interact in complex ways.
For instance, unchecked urban expansion can lead to an increase in shape irregularity
and fragmentation, while compromising centrality or urban compactness. The choice of
these metrics and an understanding of their interplay provide a more comprehensive view
of urban form, addressing not only growth but also shape and fragmentation, and thus
enriching our investigation of urban form.
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Size is measured by two metrics: TA and NP. TA, which measures the total area of all
urban land within all patches, helps to reveal the expansion process behind the built-up
area of a particular city. NP measures discrete urban areas throughout the urban landscape,
and generally increases with the rapid growth in the urban core area. Nevertheless, NP
is expected to decrease if the urban area expands and merges into an overall urban area.
Urban centrality is characterized by LPI, which reveals the percentage of the largest patch
in the urban landscape area and represents the dominance of the city in the landscape. The
extent of shape irregularity was represented by LSI in this study. LSI provides an indication
of the geometric complexity of an entire urban area by measuring the perimeter-to area
ratio of the whole landscape. As the LSI values increase, the shape of the urban built-up
area becomes more complex. Urban fragmentation was described by PLADJ and AI. PLADJ
is an absolute indicator of the degree of urban landscape aggregation, and its value ranges
from 0 to 100%, with larger values representing a more concentrated urban landscape. AI
is calculated as an area-weighted average class clustering index and is used to calculate the
probability that urban patches are adjacent to each other throughout a given landscape. A
larger AI value represents a more compact urban built-up area—AI is 1 when the urban
built-up area is maximally disaggregated and equals 100 when the urban area is aggregated
to the maximum extent into a compact, single patch. Table 1 gives a detailed description of
these six landscape metrics.

Table 1. The details of the selected landscape metrics.

Landscape Metrics Equations Explanation

Total areas (TA) TA = ∑n
j=1 aij(

1
10, 000

) aij represents the total areas of patch ij

Number of urban patches (NP) NP = ni
ni is the number of patches in the landscape of

patch i

Largest patch index (LPI)
LPI =

max
1≤j≤n

(
aij

)
TA

(100)
aij denotes the area of patch ij, TA is the total

landscape area

Landscape shape index (LSI) LSI =
0.25∑m

k=1 e∗ik√
TA

e*
ik is the total length of edge in a landscape

between class i and k
TA denotes the total landscape areas

Percentage of like
adjacencies (PLADJ) PLADJ =

(
gii

∑m
k=1 gik

)
(100)

gii is the number of like adjacencies between
pixels of patch type i based on the double-count

method, gik is the number of adjacencies
between pixels of patch type i and k based on the

double-count method

Aggregation index (AI) AI =
[

∑m
i=1

(
gii

max → gii

)]
× 100

gii stands for the number of like adjacencies
(joins) between pixels of urban patch

2.3. Panel Regression Model for Influencing Factors Analysis

Whilst the task of evaluating the driving forces of urban extension has garnered con-
siderable attention from scholars, previous studies have mainly emphasized the influencing
factors of urban expansion. The influencing factors of other aspects of urban form have
not always been examined, nor has the fact that socioeconomic factors may modify these
other aspects. Observations of multiple individuals in multiple periods can be treated
simultaneously by the panel regression model; recognizing this capacity, this study used
panel regression to quantitatively measure the driving mechanisms behind urban form,
taking the research period of 1990–2015 into account. On the basis of previous studies and
data availability, we selected five variables to identify the underlying mechanisms at work
in urban form, namely population, gross domestic product, industrial structure, per capita
urban road area, and fixed investment (Figure 3). The five variables were assumed to be
linked with urban form by means of the following models:

TAit = α0 + α1P + α2GDP + α3IS + α4ROAD + α5IS + εit (1)
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NPit = α0 + α1P + α2GDP + α3IS + α4ROAD + α5IS + εit (2)

LPIit = α0 + α1P + α2GDP + α3IS + α4ROAD + α5IS + εit (3)

LSIit = α0 + α1P + α2GDP + α3IS + α4ROAD + α5IS + εit (4)

PLADJit = α0 + α1P + α2GDP + α3IS + α4ROAD + α5IS + εit (5)

AIit = α0 + α1P + α2GDP + α3IS + α4ROAD + α5IS + εit (6)

where TAit represents total area of city i in year t, NPit represents the number of urban
patches of city i in year t, LPIit stands for number of urban patches of city i in year t,
LSIit represents landscape shape index of city i in year t, PLADJit denotes percentage of
like adjacencies of city i in year t, AIit stands for the aggregation index of city i in year
t, the intercepts for all individuals are denoted by α0, α1 to α7 denote coefficients of the
independent variables. P is population, GDP refers to gross domestic product, IS represents
industrial structure, ROAD denotes per capita urban road area, FAI stands for fixed asset
investment, and εit is the random error.
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Population (P) is the foundation of urbanization and is believed to constitute a crucial
variable, driving urban expansion and the transmutation of urban form by affecting the
urban market, rigid demand, and agglomeration ability [23]. The process of urbanization
implies a growing urban population and an increasing demand for urban construction land,
which are realized by means of urban expansion and urban renewal, which in turn drive
microscopic changes in urban landscapes [45]. Gross domestic product (GDP) is the most
commonly used economic variable to characterize macro-level economic development.
Industrial structure (IS) can also reflect economic development. The prior literature has
found that the power of economic development often determines the urban form itself [1,51].
Per capita urban road area (ROAD) represents transportation infrastructure, an index that
has improved in the past 30 years. ROAD is believed to have significant impacts on urban
form. On the one hand, urban expansion along particular routes is one of the popular
urban growth patterns [46]. On the other hand, transportation infrastructure also directly
leads to the fragmentation of urban landscapes. Fixed asset investment (FAI) is assumed
to constitute one of the influencing factors in relation to urban form, as this acts as a basic
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financial security for urban development [45]. All data were from the China City Statistical
Yearbook (1996–2016).

3. Results and Discussion
3.1. Dynamic Pattern of Urban Form

Between 1990 and 2015, China experienced accelerating industrialization and urbaniza-
tion, which together caused a significant expansion of the urban area of cities and brought
about dramatic changes in urban form. Figure 4 shows the change characteristics of the
four aspects of urban form studied over this period in China. From these figures, significant
differences can be seen in the urban form of different regions at different times. Further
comparison of urban form metrics between regions allows for a more elaborate observation
of the changes in urban form between 1990 and 2015. A significant increase in the urban
area (represented by TA and NP) can be observed between 1990 and 2015. In 2015, higher
levels of expansion were predominantly observed on the east coast and in Chongqing. It is
not surprising that cities located in the eastern region had a larger average urban area than
those situated in the central and western regions. Such a finding seems to be consistent with
the previous literature findings, showing that the attributes of urban area vary from region
to region [45,52]. Such variation reflects, to a great extent, the relatively early development
of urban land in the east, as well as its status as a developmental focus area of the “reform
and opening” policy [45]. We found a significant decrease in urban centrality from 1990 to
2015; in 1990, LSI was found to have a relatively higher value in the cities along the Yangtze
River and the southeastern coastal areas, where high-density hydrological networks exist.
This finding reflects the way in which the urban development in these regions has been
limited by natural conditions, whilst cities located in more developed regions may have
experienced the benefits of a “leap-forward” development model. For these reasons, the
geometrical shape of urban areas in those cities may appear more irregular. The LSI of
all regions increased in the period from 1990 to 2015. The spatial distribution of LSI was
relatively even in 2015, showing that as cities expand, they become restricted by various
factors, which makes their urban boundaries more irregular. A significant decrease in the
urban compactness (represented by PLADJ and AI) can be observed between 1990 and
2015. This finding reveals a trend showing that China’s urban areas are becoming less
intensive and compact.
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As mentioned above, the studied cities were classified into three categories on the
basis of their per capita GDP, in accordance with Chenery’s economic development stage
criterion, namely the primary and middle stages of industrialization, late-stage industrial-
ization, and the developed stage. Figure 5 contains box charts that show the urban form
characteristics (measured using TA, NP, LPI, LSI, PLADJ and AI metrics) of cities in the
three different economic development categories. It can be seen from Figure 5 that TA
and NP showed a significant stair-stepping difference. Meanwhile, the urban construction
areas of cities at the developed stage were much larger than those of cities at the other
two stages. This phenomenon was most obvious in 2015, when total area evidenced a
larger average difference with a greater significance than the figures for 1990. The urban
area of the developed-stage cities increased by 236.65%, whilst the cities in a stage of late
industrialization and cities in the primary and middle stages of industrialization increased
by 186.96% and 157.45%, respectively, between 1990 and 2015. The average intensity of
urban expansion was highest for developed cities, followed by cities at a stage of late
industrialization, with the lowest intensity being recorded in cities at the primary and
middle stages. This indicates that, as cities progress in economic development terms, the
scale of new construction land and the intensity of urban expansion gradually increase.
LPI showed a significant stair-stepping difference in 1990, but in 2015 there was no such
significant difference and the LPI value significantly decreased, indicating that the polar-
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ization phenomenon of the urban area has been significantly alleviated. The measures of
LSI also showed an apparent stair-stepping difference, revealing that as cities enter more
advanced stages of development, the shape of their urban edges becomes more fragmented.
The measures of PLADJ and AI in 2015 were significantly smaller than those in 1990, which
means that the urban compactness of cities at different stages has declined. These findings
clearly indicate that the location and development stage of a city significantly affects its
urban form.
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3.2. Influencing Factors of Urban Form

Prior to the panel regression analysis, a variance inflation factor (VIF) test was used to
verify the presence of severe multicollinearity between the independent variables. It can
be seen from Table 2 that the VIFs of all five variables were less than 10 and the tolerances
were greater than 0.1, revealing that the selected five variables are not collinear. Thus,
we were able to examine the parameters of the panel data model. The most widely used
forms of panel regression model are the random effect (RE) estimator with a large degree
of freedom and the fixed effect (FE) estimator with a relatively small degree of freedom.
The Hausman test is generally used to determine which estimator is more suitable. In this
study, a panel regression model was established to investigate the effects of socioeconomic
variables on urban form.

Table 2. Correlation coefficients of the independent variables.

VIF Tolerance

P 1.965 0.509
GDP 4.609 0.217
IS 1.060 0.943
ROAD 1.070 0.935
FAI 4.632 0.216

Table 3 displays the estimation results. It can be seen that the factor of population
exhibited a significant positive relationship with TA, NP, and LSI, showing that growth
in the total population of a given county will result in more complex patterns of urban
development and an increase in the urban area. Most existing studies have also drawn
similar conclusions, noting that population changes directly affect urban form [45,46]. While
population exhibited a negative relationship with LPI, PLADJ and AI, it was indicated that
increases in the total population of a given county will lead to a decrease in city centrality
and compactness. The economic disparity between urban and rural areas, coupled with
increases in urban employment opportunities, lead to the massive migration of people
from rural to urban areas, bringing aboutrapid growth in the construction area of the cities
receiving these migrants [45]. GDP displayed a positive effect in relation to TA, NP, LPI,
PLADJ and AI, while it exerted a negative effect on LSI and AI, that the growth of GDP
brings about more centricity, more compact, less complex patterns of urban development
and the growth of urban areas. Such results are in accordance with prior studies that found
GDP to be a driver of urban expansion [47]. Industrial structure has a positive impact on
TA, NP and LSI while demonstrating negative correlations with respect to LPI, PLADJ and
A, indicating that an increase in the metric of industrial structure results in an expansion of
the urban area and more complex patterns of urban development, a result that reinforces
the findings of previous studies [46]. The infrastructure factor, represented by the ROAD
metric, was shown to have statistically significant effects on the selected landscape metrics.
Of these six variables, ROAD was found to have a positive impact on TA, revealing that
ROAD benefits urban development by providing easier transportation access. This finding
reflects the gradual evolution of infrastructure investment into an important driving force
for urban land expansion. ROAD was found to have negative effects on LPI, PLADJ and AI;
it was revealed that the improvement in infrastructure will result in less centrality and less
compactness in a given city. In addition, we note that FAI exhibited a positive relationship
with respect to TA, NP and LSI, indicating that increases in FAI result in complexity in
patterns of urban development and an increase in urban areas.

3.3. Heterogeneity Effect

It can be seen from the above results that significant differences exist between China’s
regions in terms of urban form, which reflects their diverse economic levels, development
policies, and natural conditions. For the purpose of measuring the relationship between
different factors and urban form in various regions, three panel models were established to
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estimate the various effects of the selected driving forces on urban form in the regions of
eastern China, central China, and western China.

Table 3. Estimated results of panel data model.

TA NP LPI LSI PLADJ AI

P 0.0440
(1.58)

0.1109
(5.13) ***

−0.4799
(−0.98)

0.0124
(0.17)

−0.2563
(−3.62) ***

−0.2490
(−3.42) ***

GDP 0.0845
(2.78) ***

0.0958
(3.28) ***

0.1068
(2.01) **

−0.0312
(−0.39)

0.1032
(1.34)

0.1101
(1.39)

IS 0.0190
(5.35) ***

0.0202
(5.74) ***

−0.9599
(−15.46) ***

0.0238
(2.53) **

−0.2469
(−27.41) ***

−0.2444
(−26.35) ***

ROAD 0.0955
(3.17) ***

0.0978
(3.32) ***

−0.2317
(−4.43) ***

0.2901
(3.66) ***

−0.5348
(−7.05) ***

−0.5642
(−7.22) ***

FAI 0.1518
(5.04) ***

0.1339
(4.61) ***

−0.4725
(−8.97) ***

0.4619
(5.79) ***

−0.6006
(−7.86) ***

−0.6276
(−7.98) ***

Estimation methods FE RE FE FE FE FE
R-squared 0.5417 0.4701 0.8039 0.5144 0.6618 0.5226

Observations 6864 6864 6864 6864 6864 6864
** denotes p < 0.05, *** denotes p < 0.01.

Tables 4–6 set out the estimated results for these three different regions in China. These
findings show that population exerted a negative effect on TA and NP in western China,
but had a positive influence on TA and NP in eastern and central China, indicating that
increases in the size of the population result in a decrease in urban size in western China
and an increase in urban size in eastern and central China. The coefficient of population’s
effect on urban area was the highest in eastern China, followed by central China and
then western China, indicating that population size has the strongest impact on the urban
area of cities in eastern China. GDP was observed to have exerted a positive influence
on urban size in central and western regions but a negative influence in eastern China.
This discovery is inconsistent with the prior literature, which has recognized the role
of economic growth as the influencing factor of urban growth [2,25,53]. The industrial
structure variable was positively related to the variable of urban size in all three regions,
supporting the perspective that industrialization is a significant part of urban extension
in China [54]. The coefficient of the effect of industrial structure on the size of cities was
the highest in eastern China, lower in central China, and the lowest in western China,
indicating that industrial structure has the largest impact on urban size in eastern China.
The ROAD variable was found to be positively linked to TA and NP. A number of other
relevant studies have drawn a similar conclusion, attributing the positive impact of ROAD
on urban size to easier transportation access [47]. The influence of ROAD in central and
western China seemed to be more significant than in eastern China, a finding that reveals
that traffic has a greater impact on urban size in less developed regions. The impact of FAI
on urban expansion also showed regional differences. A positive correlation between FAI
and urban size was found in all three regions.

The impact of the five socioeconomic factors on urban centrality demonstrated regional
heterogeneity. The results indicated that the population variable negatively correlated with
LPI in eastern and central, while it exerted a positive effect in western China. This finding
indicated that increases in the size of the population result in a decrease in urban centrality
in eastern and central China and an increase in urban centrality in western China. GDP
had negative effects on LPI in western China and exerted a positive influence on LPI in
eastern and central China. This indicates that increases in GDP result in an increase in
urban centrality in eastern and central China, but lead to a decrease in urban centrality in
western China. The industrial structure factor was found to correlate to decreases in LPI
in all three regions, which demonstrates that industrial structure directly impacts urban
centrality. ROAD and FAI maintained a negative correlation with LPI in all three regions,
revealing that transportation impacts urban centrality. Moreover, for cities in the eastern
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region, FAI was identified as being the most influential factor in relation to urban centrality,
while in cities in central and western regions, the most influential factor was ROAD.

The impacts of socioeconomic factors on urban shape complexity also varied across
different regions. Population was observed to exert a positive impact on LSI in eastern and
central China while it showed negative effects in western China, suggesting that increases
in the size of the population result in more complex urban expansion shapes in eastern and
central China and less complex urban expansion shapes in western China. Surprisingly, no
significant influence was observed between GDP and urban shape complexity in eastern
and central China; GDP was only correlated to urban shape complexity in western China.
Further, the industrial structure factor showed negative effects on LSI in eastern China
and exerted a negative influence on LSI in western and central China. The transportation
variable, represented by ROAD, was not statistically significant in eastern China, and
correlated to increases in LSI in western and central China. This finding corroborates the
findings of several previous studies that highlight the role of public transit in contributing
to urban form in China [48]. FAI was statistically significant in relation to LSI in eastern
and central China. FAI was found to have a positive effect on LSI, indicating that increases
in FAI result in increases in urban shape complexity.

The impact of the five socioeconomic factors on urban compactness demonstrated
regional heterogeneity. The results indicated that the population variable was statistically
significant for PLADH and AI in eastern and central China and was not found to exert a
significant influence on western China, which is inconsistent with the findings of previous
studies [45]. Population growth stimulates the increase in urban areas and the number
of urban areas; as such, increases in the size of a population lead to more complex urban
development patterns. GDP showed positive effects on PLADJ and AI in eastern China and
exerted a negative influence on PLADJ and AI in western and central China. This indicates
that increases in GDP result in an increase in urban compactness in eastern China, but a
decrease in urban compactness in western and central China. The industrial structure factor
was found to correlate to decreases in PLADJ and AI in all regions, which demonstrates that
industrial structure directly impacts urban compactness. ROAD maintained a significant
correlation with PLADJ and AI in all regions, revealing that transportation also impacts
urban compactness. These results are in line with earlier cases that have shown that the
evolution of urban road networks can have an impact on urban form [48]. This finding
can be partially illustrated by the way in which urban road development can promote the
formation of sub-centers and form a decentralized urban form. FAI exerted a significant
impact on PLADJ and AI in eastern China, while this factor seems to have little impact on
PLADJ and AI in central and western China.

Table 4. The estimated results for eastern China.

TA NP LPI LSI PLADJ AI

P 0.0497
(1.34)

0.2289
(1.69) *

−0.0885
(−1.60)

0.0089
(0.04)

−0.3946
(−3.29) ***

−0.3691
(−3.36)***

GDP −0.1115
(−3.94) ***

−0.5130
(−4.97) ***

0.1187
(2.81) ***

−0.3195
(−1.88) *

0.4937
(5.39) ***

0.4889
(5.83) ***

IS 0.0295
(6.82) ***

0.1299
(8.23) ***

−0.0537
(−8.29) ***

−0.0713
(−2.74) ***

−0.2802
(−19.98) ***

−0.2393
(−18.64) ***

ROAD 0.0496
(2.28) ***

0.1904
(2.40) ***

−0.0430
(−1.32)

0.1176
(0.90)

−0.1786
(−2.53) **

−0.1885
(−2.92) ***

FAI 0.4962
(12.18) ***

1.9507
(13.13) ***

−0.4840
(−7.95) ***

1.0115
(4.13) ***

−1.2193
(−9.25) ***

−1.2441
(−10.30) ***

Estimation methods FE FE FE FE FE FE
R-squared 0.8196 0.8081 0.8884 0.3893 0.8283 0.8566

Observations 2366 2366 2366 2366 2366 2366
* denotes p < 0.1, ** denotes p < 0.05, *** denotes p < 0.01.



Land 2023, 12, 1436 14 of 20

Table 5. The estimated results for central China.

TA NP LPI LSI PLADJ AI

P 0.0422
(0.53)

0.2541
(2.79) ***

−0.2428
(−2.60) ***

0.3551
(4.80) ***

−0.6780
(−5.37) ***

−0.7263
(−5.36) ***

GDP 0.0479
(0.18)

−0.0144
(−0.05)

0.7258
(2.13) **

−0.0388
(−0.15)

−0.6135
(−1.43)

−0.6904
(−1.50)

IS 0.0102
(1.28)

0.0386
(4.17) ***

−0.0748
(−7.17) ***

0.0477
(6.35) ***

−0.1749
(−13.63) ***

−0.1742
(−12.64) ***

ROAD 0.5605
(2.96) ***

2.0982
(9.61) ***

−2.2168
(−9.05) ***

2.2278
(12.56) ***

−4.5712
(−15.10) ***

−4.7558
(−14.62) ***

FAI 0.0942
(0.54)

0.5841
(2.93) ***

−0.7858
(−3.55) ***

0.3174
(1.96) **

0.0172
(0.06)

0.0328
(0.11)

Estimation methods FE FE RE FE FE FE
R-squared 0.3073 0.5535 0.7279 0.6326 0.7068 0.6971

Observations 2964 2964 2964 2964 2964 2364

** denotes p < 0.05, *** denotes p < 0.01.

Table 6. The estimated results for western China.

TA NP LPI LSI PLADJ AI

P −0.0122
(−2.43) **

−0.0569
(−2.40) **

0.1343
(1.60)

−0.0342
(−1.25)

0.1231
(1.14)

0.0315
(0.27)

GDP 0.1345
(6.62) ***

0.5865
(6.11) ***

−0.9665
(−2.71) ***

0.1847
(1.66) *

−0.6409
(−1.47)

−0.6070
(−1.29)

IS 0.0032
(3.78) ***

0.0142
(3.58) ***

−0.0926
(−6.26) ***

0.0313
(6.80) ***

−0.1578
(−8.72) ***

−0.1933
(−9.88) ***

ROAD 0.1731
(9.21) ***

0.8682
(9.78) ***

−2.1512
(−6.52) ***

1.6132
(15.69) ***

−2.8050
(−6.95) ***

−3.3333
(−7.64) ***

FAI 0.0416
(3.31) ***

0.0562
(0.95)

−0.1724
(0.78)

0.1008
(1.46)

−0.0085
(−0.03)

0.0411
(0.14)

Estimation methods FE FE RE FE FE FE
R-squared 0.9590 0.7428 0.8175 0.8318 0.7481 0.7202

Observations 1820 1820 1820 1820 1820 1820

* denotes p < 0.1, ** denotes p < 0.05, *** denotes p < 0.01.

Although China generally entered the middle stage of industrialization in 2010, given
the vast territory of China, regional natural resources, economic foundations, and policy
differences, different levels of socioeconomic development can be seen in different regions.
For the purpose of measuring the associations between various factors and urban form in
cities at different economic development levels, we also established three panel regression
models to test the various effects of selected driving forces on urban form in cities at the
primary and middle stages of industrialization, late stage of industrialization, and the
developed stage.

Tables 7–9 review the estimated results with respect to the different economic devel-
opment levels in China. They reveal that population was only statistically significant in
relation to its effects on TA and NP for cities at the developed stage. Moreover, the influence
of population on TA was the greatest in cities at the developed stage, indicating that with
an increase in a city’s level of development, population becomes more important in relation
to urban expansion. GDP is shown to have exerted a positive influence on TA at all stages.
Industrial structure was statistically significant for urban size at all stages and the influence
of industrial structure on urban size was the highest in developed cities. The influence
of ROAD on cities in the late stage of industrialization and within the developed stage
seemed to be more significant than in cities at the primary and middle stages. This finding
reveals that traffic has a greater impact on urban expansion in more developed periods. The
coefficient of ROAD’s influence on the size of urban areas was highest in cities in the late
stage of industrialization, followed by cities in the developed stage, and was lowest in cities
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in the primary and middle stages, indicating that transportation development has the most
significant influence on urban expansion in the later stages of industrialization. In addition,
FAI was shown to exert significant effects on urban size at the developed stage. Moreover,
for cities at the primary and middle stages, GDP was identified as the most influential
factor in relation to urban expansion, while in cities experiencing a late industrialization or
developed stage, the most influential factor was ROAD.

Table 7. The estimated results for cities at primary and middle industrialization stages.

TA NP LPI LSI PLADJ AI

P 0.0519
(1.94) *

0.1964
(1.85) *

−0.0552
(−0.63)

0.1893
(2.34) **

−0.2475
(−1.70) *

−0.2646
(−1.72) *

GDP 1.3079
(4.20) ***

5.9918
(4.93) ***

−1.1411
(−1.13)

3.4037
(3.65) ***

−6.1397
(−3.63) ***

−6.1034
(−3.40) ***

IS 0.0121
(3.59) ***

0.0583
(4.21) ***

−0.1137
(−10.18) ***

0.0745
(7.12) ***

−0.2477
(−13.60) ***

−0.2616
(−13.50) ***

ROAD 0.0189
(1.35)

0.0927
(1.57)

−0.0493
(−1.05)

0.0818
(1.84) *

−0.1302
(−1.70) *

−0.1406
(−1.73) *

FAI −0.2174
(−1.30)

−0.9677
(−1.45)

−0.4742
(−0.86)

−0.3930
(−0.77)

0.9313
(1.03)

0.8029
(0.83)

Estimation methods FE RE RE RE FE FE
R-squared 0.8353 0.5681 0.7961 0.6622 0.7415 0.7194

Observations 2236 2236 2236 2236 2236 2236

* denotes p < 0.1, ** denotes p < 0.05, *** denotes p < 0.01.

Table 8. The estimated results for cities at the late industrialization stage.

TA NP LPI LSI PLADJ AI

P −0.0022
(−0.04)

0.0115
(0.15)

0.0752
(0.96)

0.0488
(0.59)

−0.1280
(−1.29)

−0.0916
(−0.89)

GDP 0.2704
(0.76)

0.6933
(1.60)

−0.1573
(−0.34)

0.3624
(0.65)

−1.2827
(−2.30) **

−1.5204
(−2.63) ***

IS 0.0041
(0.51)

0.0194
(1.97) **

−0.0569
(−5.41) ***

−0.0001
(−0.00)

−0.1648
(−13.04) ***

−0.1504
(−11.45) ***

ROAD 0.8874
(4.67) ***

3.2804
(14.24) ***

−2.4576
(−9.99) ***

2.7891
(9.26) ***

−4.8847
(−16.51) ***

−5.0637
(−16.47) ***

FAI −0.0130
(−0.07)

0.1442
(0.62)

−0.2200
(−0.89)

0.0908
(0.30)

0.4140
(1.38)

0.5036
(1.62)

Estimation methods FE FE RE RE FE FE
R−squared 0.3817 0.6680 0.7878 0.3591 0.6713 0.6588

Observations 2938 2938 2938 2938 2938 2938

** denotes p < 0.05, *** denotes p < 0.01.

The effect of the five socioeconomic factors on urban centrality also demonstrated
heterogeneity in terms of the development level of the cities being studied. Our results
indicate that the population variable brought about negative effects on LSI in cities at the
primary and middle stages of industrialization as well as the developed stage, and had a
positive influence on LSI in cities in the late stage. In addition, GDP did not appear to exert
a significant effect on urban shape complexity in cities at the primary and middle stages of
industrialization, or in cities at the late stage of industrialization; it only has a significant
positive effect on LSI in the developed stage. The industrial structure was significantly
correlated with LSI, revealing that industrial structure impacts urban centrality. ROAD
was found to maintain a significant correlation with respect to LPI in late industrialized
and developed cities, revealing that the influence of transportation on urban compactness
increased advances in development stage. FAI exerted a negative impact on LPI in cities at
all stages of development.
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Table 9. The estimated results for cities at the developed stage.

TA NP LPI LSI PLADJ AI

P 0.1090
(3.68) ***

0.3705
(3.38) ***

−0.1530
(−1.90) *

0.0242
(0.13)

−0.4095
(−3.67) ***

−0.3972
(−3.79) ***

GDP 0.0475
(2.23) **

0.1346
(1.71) *

0.1971
(3.41) ***

−0.0561
(−0.42)

0.2253
(2.81) ***

0.2231
(2.97) ***

IS 0.0146
(3.77) ***

0.0626
(4.37) ***

−0.0572
(−5.43) ***

−0.0753
(−3.10) ***

−0.1888
(−12.89) ***

−0.1801
(−13.11) ***

ROAD 0.3496
(5.66) ***

1.3981
(6.13) ***

−0.5823
(−3.48) ***

0.8692
(2.26) **

−1.7035
(−7.32) ***

−1.8171
(−8.33) ***

FAI 0.1606
(6.27) ***

0.6429
(6.79) ***

−0.5604
(−8.06) ***

0.4789
(2.99) ***

−0.6426
(−6.65) ***

−0.6496
(−7.17) ***

Estimation methods FE FE FE FE FE FE
R-squared 0.8130 0.5687 0.8941 0.4175 0.8205 0.8399

Observations 2002 2002 2002 2002 2002 2002

* denotes p < 0.1, ** denotes p < 0.05, *** denotes p < 0.01.

The impact of the five socioeconomic factors on urban shape complexity also showed
heterogeneity in relation to the development level of cities. Population showed significant
positive effects at each stage of development. GDP showed positive effects in relation to
LSI in cities within the primary and middle stages of industrialization, as well as in cities
at a stage of late industrialization, and was found to exert a negative influence on LSI
in developed cities. This indicates that the influence of GDP on urban shape complexity
first increases and then decreases as development progresses. The industrial structure
was observed to demonstrate positive correlations with respect to LSI in cities within the
primary and middle stages of industrialization, and exerted a negative influence on LSI
in late-industrialized cities and developed cities. The transportation variable, represented
by ROAD, was positive in cities at all stages. The positive effects of ROAD on urban
shape complexity can probably be attributed to interaction effects with other factors. In
addition, FAI exerted positive effects on LSI in cities in the late industrialization stage
and the developed stage, and had a negative influence on LSI in cities in the primary and
middle stages of industrialization.

The impact of the five socioeconomic factors on urban compactness also demonstrated
heterogeneity in terms of the development level of the cities being studied. Our results
indicate that the population variable brought about negative effects on PLADJ and AI
in cities at each stage of development. In addition, GDP had negative effects in relation
to PLADJ and AI in cities at the primary and middle stages of industrialization as well
as in cities at a stage of late industrialization and was observed to demonstrate positive
correlations with respect to PLADJ and AI in developed cities. The industrial structure
was significantly correlated with PLADJ and AI, revealing that industrial structure impacts
urban compactness. ROAD was found to maintain a significant correlation with respect
to PLADJ and AI in late-industrialized and developed cities, revealing that the influence
of transportation on urban compactness increased advances in development stage. FAI
did not appear to have a significant influence with respect to urban compactness in cities
at the primary and middle stages of industrialization, or in cities at the late stage of
industrialization or the developed stage.

4. Conclusions and Policy Implications

This paper aimed to measure the impacts of a range of selected potential determinants
on urban form in 265 prefecture-level cities in China by considering regional disparities
and variations in the stage of development evidenced by a given city. Landscape metrics
were employed to quantitatively address urban form from the perspectives of urban size,
urban centrality, urban shape irregularity, and urban fragmentation. We also selected five
potential influencing factors that constituted the independent variables for this paper. A
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panel regression model was utilized to measure the association between the three urban
form variables and the five driving forces.

The main results can be concluded as follows: first, significant differences existed
in the urban form of cities in different regions at different times. All three of the urban
form variables addressed in the study showed a significant stair-stepping difference in
cities at various development stages. Second, urban form in China showed significant
geographical heterogeneity in terms of the driving forces bringing about change. Most of
the explanatory factors explored in this study presented significant regional differences.
Population, industrial structure, and FAI were found to exert the greatest impact on urban
size in eastern China, revealing that these factors have a greater impact on urban size in
more developed regions. Third, five socioeconomic factors regarding urban form also had
a different impact between cities at different stages of development. For example, GDP
showed positive effects in relation to LSI in cities in the primary and middle stages of
industrialization, as well as in cities at a stage of late industrialization, and was observed to
demonstrated negative correlations with respect to LSI in developed cities. This indicates
that the influence of GDP on urban shape complexity first increases and then decreases as
development progresses.

In recent decades, urban areas in China have also undergone significant expansion,
accompanied by considerable changes to the configuration of the urban landscape pat-
tern. China is a vast territory, with large differences in development between various
regions [55–58]. The results of this paper contain significant policy suggestions for the
Chinese government. The variations that we found in the influence exerted by a range of
factors on urban form reveal the extent of regional disparities and development differences
within China. To achieve a sustainable urban form, future policymakers should consider
differences in the developmental stage of a city, as well as regional differences, avoiding a
“one size fits all” approaches to policy formulation. In addition, based on sound analyses of
the determinants of urban form changes, decision-makers working with urban landscapes
should be aware of the importance of accurately differentiating driving mechanisms. Re-
gional differences and development stage changes need to be considered when formulating
urban development policies in China. In particular, the results of this study suggest that
population plays an important role in rapid urban expansion in eastern China and in
cities at the developed stage. China should strengthen the policy of “population access”,
especially in the developed, large eastern cities, implementing strict population access
in order to control disorderly and unplanned urban expansion. Combining population
policy with urbanization policy can solve the problem of urban expansion management in
China [59–61]. In addition, the ROAD variable was observed to have a significant impact
on urban form, suggesting that urban expansion and morphological evolution are related
to improved transportation infrastructure. Therefore, optimizing existing road networks
and rationally planning road development may effectively guide the direction and speed
of urban growth. Furthermore, the close connection between urban form and industrial
structure shows that secondary industries in China’s development heavily rely on resource
inputs, and development cannot be achieved with land resources. Urgent acceleration
in the upgrading and transformation of Chinese industry is thus required if the country
is to go from relying on extensive resource use and labor-intensive growth methods to a
capital-intensive, knowledge-intensive mode of growth.

Despite the valuable findings presented in this paper, some limitations must be ac-
knowledged. Firstly, this study conceptualizes urban form in terms of urban expansion,
urban shape irregularity, and urban compactness, represented by certain landscape metrics.
However, urban form is a complex phenomenon that is shaped by a multitude of factors,
extending beyond the aspects discussed in this paper. Moreover, while landscape metrics
provide a useful tool for quantifying urban form, they do not represent the only possible
measure. Secondly, the multitude of variables that influence urban form poses another
limitation to this study. Although this research considers a number of key determinants, it
cannot encompass all possible variables that might affect urban form [62–64]. Therefore,
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while the factors studied here are important, the complexity of urban form could be further
influenced by additional factors not included in this study.

Future research in this field could explore alternative or additional metrics to quantify
urban form, possibly capturing aspects not represented by the landscape metrics used
in this study. Furthermore, given the multifaceted nature of urban form, studies that
incorporate a wider range of influencing variables, particularly ones unique to different
socio-cultural or geopolitical contexts, could enhance our understanding of urban form.
Such endeavors will contribute to a more comprehensive understanding of urban form and
its determinants, leading to more effective urban planning and management strategies.
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