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Abstract: The growth and shrinkage of cities and towns are normal phenomena in the evolution of
regional town systems. The growth and shrinkage of different levels of cities and towns are mutually
influential. This study uses ArcGIS and the Hierarchical Linear Model to analyze the hierarchical
differences and correlations in the characteristics and mechanisms of shrinking cities and towns in
Northeast China from 2000 to 2020. The results indicate that the shrinkage of cities and towns is
characterized by hierarchical differences. High-level cities show widespread and slight shrinkage,
while low-level towns show the most severe and continued shrinkage. The population shrinkage of
cities and towns within the same municipality is not fully synchronized. In terms of spatial patterns,
the multi-level relationship between cities and towns is divided into growth-driven, central siphon,
peripheral growth, local growth, and global shrinkage. The shrinkage of high-level cities is mainly
influenced by economic and industrial development and built-up environment. The shrinkage of
low-level towns is constrained by population concentration, economic development, enterprise scale,
local arable land resources, and environmental quality. Wages, jobs, and infrastructures in high-level
cities have a strong siphoning effect on low-level towns, while technology and industrial development
drive the population and economic development of low-level towns.
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1. Introduction

Urban shrinkage, first proposed by Hauflermann and Siebel [1], has become a global
socio-economic issue [2]. The related results cover the concept, patterns, causes, governance,
and socio-economic effects of urban shrinkage [3-8]. The number of shrinking cities
in the world has shown accelerated growth since the mid and late 20th century. The
phenomenon of urban shrinkage began to spread from developed to developing countries
and from small towns to large- and medium-sized cities [9]. Most of the existing studies
have taken the same level of towns as the object of study, focusing on large cities and
metropolitan areas [10]. However, insufficient attention is given to small- and medium-
sized towns [11,12] and longitudinal observations of the differences and correlations of
multi-level towns [13,14]. There are significant hierarchical and scaling patterns in the
spatial distribution, spatial-temporal evolution, and interaction mechanisms of socio-
economic factors [15]. The spatial distribution and spatial-temporal evolution of urban
shrinkage show scale variability and dependence [16]. There may be variability in the
characteristics and mechanisms of the formation of shrinking towns with different levels,
and the picture of regional town shrinkage limited to one level is not comprehensive.
Accordingly, conclusions based on one level of cities may not be valid for another level [17].

Urban shrinkage is a multidimensional and complex process [18]. Urban shrinkage is
not only affected by local factors such as population aging, natural disasters, environmental
degradation, and unemployment but contextual factors such as post-socialist transition,
deindustrialization, suburbanization, and globalization [19,20]. Shrinking cities and towns

Land 2022, 11, 2208. https:/ /doi.org/10.3390/land11122208

https:/ /www.mdpi.com/journal /land


https://doi.org/10.3390/land11122208
https://doi.org/10.3390/land11122208
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/land
https://www.mdpi.com
https://orcid.org/0000-0002-4394-1885
https://orcid.org/0000-0002-2817-8690
https://orcid.org/0000-0001-6726-8093
https://doi.org/10.3390/land11122208
https://www.mdpi.com/journal/land
https://www.mdpi.com/article/10.3390/land11122208?type=check_update&version=1

Land 2022, 11, 2208

2 of 21

are rooted as part of a regional town system. Different levels of cities and towns are
interconnected and interact [13], and there is a close socio-economic division of labor and
relationships. Resources and factors in the region are transferred to regional core cities,
leading to a gradual shrinkage of disadvantaged towns [21]. The population and economic
development of peripheral small- and medium-sized towns in the region (lower-level
towns) are influenced by the central or big cities of the region (higher-level cities) [22].

China’s cities and towns are experiencing rapid urbanization and urban shrinkage
at present [23]. At present, there are 266 shrinking cities and towns in China [24], mostly
resource-based cities and small towns [25], concentrated in the northeast and southwest
of China, with obvious marginal location characteristics [10]. The “Key Tasks of New
Urbanization Construction in 2019” published by the National Development and Reform
Commission specifically proposes that China’s shrinking cities should be “slimmed down
and strengthened”, changing the inertial thinking of incremental planning, strictly con-
trolling the increment, revitalizing the stock, and promoting centralized distribution of
population and infrastructure in small- and medium-sized towns [26,27].

Northeast China is an old industrial base and a rust belt region characterized with
a serious and typical urban shrinkage [24,28]. There are various types of cities in North-
east China, including old industrial cities, resource-based cities, border-crossing cities,
and tourist cities [29]. The study of urban shrinkage in Northeast China has implications
for other regions. This study analyzes the patterns, characteristics, and urban shrinkage
mechanisms from a multi-level perspective, taking prefecture-level cities (higher-level
cities), county-level towns, and ordinary towns (lower-level towns) in Northeast China as
subjects. First, this study identifies town shrinkage and analyzes the differences and spatial
correlation characteristics of town shrinkage from a multi-level perspective; then, based on
the Hierarchical Linear Modeling (HLM) model, this study reveals the interrelationship
between different levels of city and town shrinkage and investigates the formation mecha-
nism of multi-level town shrinkage. Finally, the conclusions and discussion of the study
are presented. Based on the perspective of multi-level differences and associations, this
study analyzes the hierarchical differentiation of town shrinkage, classifies the types of
regional co-evolution of towns, and explores the interaction between towns at different
levels. Furthermore, the study provides ideas for the governance of old industrial cities
and regions, such as the relationship between towns and the important role of high-level
cities in multi-level co-evolution.

2. Literature Review
2.1. Unbalanced and Dynamic Change of Cities and Towns

The development of cities and towns in the region is a dynamic and unbalanced
process, with a wide range of complex and interrelated relationships [30]. Towns of
different levels and functions are interconnected and maintain a delicate balance. The
dynamic balance of the development of any town collapses when facilities, resources,
and policies change in the region. Due to the mobility and volatility of labor, capital,
and investment [2], some cities experience shrinkage due to a lack of investment and
quality assets, the decline of many industrial enterprises, and a decrease in population
attractiveness [31,32]. The object of urban shrinkage studies mainly focuses on a few cases,
such as Leipzig in Germany [33], St. Louis and Youngstown in the United States [34,35],
Yiwu in China [7], or single-level studies of shrinking cities, such as the study of prefecture-
level cities and county-level cities in China [10,11]. However, this study focuses on the
differentiation and spatial co-evolution of cities and towns at different levels (prefecture-
level cities, county-level towns, and ordinary towns).

2.2. Factors Influencing the Shrinkage of Cities and Towns

City and town shrinkage is characterized by complexity, diversity, and integration [20].
Macroscopic impacts at the regional scale and local impacts at the town scale work to-
gether to shrink towns [18]. In addition to regional factors such as deindustrialization,
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suburbanization, and globalization [36], city and town shrinkage is also affected by local
factors such as aging rates, resource depletion, and difficulties registered in industrial
transformation [37]. The decline in the young population and the increase in the elderly
population have led to a sharp drop in consumer demand and the breakdown of physical
space and infrastructure in cities and towns [38]. Infrastructure such as education and
health care are a guarantee for the lives of urban residents and the production of enterprises,
which influences the attractiveness of the population [39]. The decline in fiscal revenues
negatively affects the investment and construction of urban public services, which leads
to lagging services and further loss of population [16]. A change in the original political
status or a transportation location of a city can also cause a town to shrink [40]. As the
material basis of town development, the depletion of natural resources in cities and towns
can lead to shrinkage [25]. There are also complex effects of COVID-19 on urban shrinkage.
On the one hand, compared to large cities, small towns with low population density and
high public green areas per capita have a relatively low risk of transmission and spread of
COVID-19, which weakens the incentive and motivation for population movement and
migration from small towns to large cities [41]. At the same time, the Chinese government
has adopted strict epidemic prevention and control policies, such as quarantine, silence,
and closing cities, which have also reduced the intensity of population movement and
migration between cities to a certain extent. COVID-19 has affected the socio-economics
of consumer-oriented cities with tourism, retail, and entertainment as dominant indus-
tries [42], increasing urban unemployment, lowering income levels, and increasing the
likelihood that urban dwellers will move to surrounding areas [43,44].

Urban shrinkage has a multi-level spatial correlation. There are frequent flows and
close connections of population, economic, and other factors between core cities and pe-
ripheral small towns [45]. Theories, such as growth pole theory, cyclic cumulative causation
theory, unbalanced growth theory, and core—periphery theory, emphasize the active role
of large cities and top—down multilevel town linkages centered on large cities [46,47]. The
growth of central cities in the region is not only the result of migration from rural areas
but can also be the result of population movement from other towns in the region [10].
The population and economic development of low-level towns are influenced by the “ag-
glomeration and diffusion effects” of high-level towns [45,48,49]. Central cities in the
agglomeration development stage have a strong “siphon effect” on subordinate towns,
attracting the population and socio-economic factors of surrounding towns to large cities.
This process undermines the economic development of small towns [45]. Central cities
in the diffusion development stage have the function diffusion or borrowing size effect
on their subordinate towns. By borrowing the performance or functions of large cities,
small towns share the advantages of agglomeration of large cities and increase the level of
town services and attractiveness of the population [49]. Existing studies have neglected
the interaction of multi-level influences in shrinking cities and towns. This study explores
the interactions between different levels of cities and towns and enriches the literature on
urban shrinkage from a multi-level perspective.

2.3. Mutil-Level Cities and Towns in China

The urban system consisting of prefecture-level cities, county-level towns, and ordi-
nary towns has become the basic unit of regional development in China (Figure 1) [50]. The
connectivity of cities and towns at multiple levels is mainly reflected between prefecture-
level cities and low-level towns under their jurisdiction. Unlike developed Western coun-
tries, China has transformed from a planned economy into a market economy. The admin-
istrative hierarchy of cities and towns largely corresponds to the administrative power of
the city, the economy, and scale of the facilities. High-level cities play a central role in the
region, while low-level towns play peripheral roles [48]. Under the role of administrative
divisions and top—down hierarchies, China’s county-level towns and ordinary towns are
guided and constrained by prefecture-level cities and do not have full autonomy in urban
development, facility distribution, and industrial development. The growth and shrinkage
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of county-level towns and ordinary towns are not only related to their social and economic
development but may also be affected by prefecture-level cities.

Direct-administrated

Provincial level municipality The subject of this study
Prefecture-level city ‘%
4
Prefecture level Prefecture-level city
(Urban districts of prefecture
level cities)
Urban districts - Copnty ~ Countyjlevel city Urban districts )

County-level town

County level Y (The built-up area of County-
level cities, the built-up area of
county town)

Ordinary|town .
. v Ordinary town

Township level ) )
(The built-up area of ordinary
towns)

Figure 1. A multi-level perspective of Chinese cities and towns (revised from Li and Mykhnenko [50]).

2.4. A Multi-Level Framework for Understanding the Shrinkage of Cities and Towns

Based on a multi-level perspective, this study investigates the influencing factors
and multi-level correlation patterns of urban shrinkage, which can more comprehensively
reflect the multi-level spatial pattern and formation mechanism of urban shrinkage in
Northeast China (Figure 2).
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Figure 2. A multi-level framework for understanding the shrinkage of cities and towns.
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3. Study Area, Data Sources, and Research Methods
3.1. Study Area

Northeast China, an important old industrial base and a major grain-producing region,
is facing the serious challenges of population loss and slowing economic growth. Since
the reform and opening up, problems such as stagnant industrial evolution, regional
polarization and dual economic structure have gradually become prominent. Since the
21st century, the economic status of Northeast China continues to decline, with some cities
and towns even experiencing economic decline. Northeast China is also experiencing
increasing population loss of more than 10 million between 2010 and 2020. Except for
Shenyang, Changchun, and Dalian, the total population (urban and rural areas) of the 31
prefecture-level cities all declined in different degrees. Therefore, the study chose the period
2000-2020 to observe the multi-level shrinkage of cities and towns in Northeast China. As
of 2020, Northeast China includes 34 prefecture-level cities, Daxing’anling Prefecture and
the Yanbian Korean Autonomous Prefecture, 147 county-level towns, and 1718 ordinary
towns (Figure 3). In this study, three county-level towns with missing data and 538 ordinary
towns with zoning adjustments and missing data were excluded.

anln!ﬂnllqg

Legend

“=== Provence DEM (m) Prefecture-level city
X P 2609
Prefecture @  County-level town
—+— Railroad B - Ordinary town
0 250 500 0 250 500
L 1 1 1 IKm L 1 1 L IKm

Figure 3. Cities and towns in Northeast China.

3.2. Indicators and Data Sources

Referring to the relevant studies of scholars [10,13,16], this study selects the factors
affecting the urban shrinkage in Northeast China from five aspects, including population,
economy, industry, infrastructure, and environment (Table 1). Population data are mainly
derived from information from the fifth, sixth, and seventh Chinese censuses. In addition,
the data in the regression analysis include some socio-economic statistics and environmental
data. The relevant variables are provided below.
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Table 1. Factors influencing the shrinkage of cities and towns.

Categories Variables Explanations
Aging level (POP1) Percentage of the po(i,ililatlon aged 65 and
. Percentage of floatin,
Populat g g ~ . .
opulation population (POP2) Percentage of non-local resident population
Population centrality (POP3) Urban population as a pgrcentage of the
total population
Economic development level Rate of GDP (or nighttime light value)
(ECO1) change
Economic Fixed asset investment (ECO2) Fixed asset investment completion
Average wage (ECO3) Average wage of urban workers in
employment
Enterprise size (IND1) Number of industrial enterprises above the
scale
Secondary industry share . .
Industry (IND2) Secondary industry value-added ratio
Tertiary industry share (IND3) Tertiary industry value-added ratio
Technology level (IND4) Number of high-tech enterprises
Medical level (INF1) Number of medical and health institutions
Infrastructure per 10,000 people
Traffic level (INF2) Length of road per capita
Envi ¢ Air pollution index (ENV1) PM2.5 average value
nvironmen Arable land (ENV2) Arable land per capita

3.2.1. Dependent Variable

The average annual rate of population change is expressed using the average annual
rate of change of resident population in municipal districts of prefecture-level cities, the
average annual rate of change of population (sum of registered and temporary population)
in the built-up area of county-level cities, the average annual rate of change of resident
population in the built-up area of county-level towns (Chengguan towns), and the average

annual rate of change of resident population in urban areas of ordinary towns'.

3.2.2. Independent Variable

Population data were obtained from census data and statistical yearbooks of ordinary
towns. The aging rate uses the proportion of the population aged 65 or older; the proportion
of floating population uses the proportion of non-local resident population in municipal
districts, counties, and towns in the total resident population; and population concentration
uses the ratio of the urban population to the total population of the area. The level of
economic development uses the change rate of GDP of municipal districts and counties and
the nighttime light value of ordinary towns. Investment in fixed assets uses the amount
of investment in fixed assets completed in municipal districts and counties, and average
urban wages use the average salary of urban workers in municipal districts and counties.
Data on economic performance are obtained from statistical information of provinces
and cities and global NPP-VIIRS-like nighttime light data [51]. Enterprise scale uses the
number of industrial enterprises in municipal districts and counties, and the number of
industrial enterprises with registered capital above 500,000 in ordinary towns; the ratio of
secondary and tertiary industries uses the ratio of added value of secondary and tertiary
industries in municipal districts and counties; the number of high-tech enterprises uses the
number of high-tech enterprises in municipal districts, counties, and towns; and data on
industrial development are obtained from statistical information of cities and counties and
the commercial query platform Tianyancha (https:/ /www.tianyancha.com, accessed on 14
December 2021). The medical level uses the number of beds per 10,000 people in municipal
districts and counties and the number of medical and health facilities per 10,000 people in


https://www.tianyancha.com

Land 2022, 11, 2208

7 of 21

ordinary towns; the level of road traffic uses road length per capita in municipal districts,
counties, and towns. Medical level and road level data are from statistical yearbooks of
provinces and cities for 2011 and POI data for 2014. Air pollution index data were obtained
from global PM2.5 raster datasets published by the Atmospheric Composition Analysis
Group of Washington University in St. Louis (https://sites.wustl.edu/acag/datasets/
surface-pm2-5/, accessed on 16 June 2022) [52]. Finally, arable land data were obtained
from the Resource and Environment Science and Data Center of the Chinese Academy of
Sciences (https:/ /www.resdc.cn, accessed on 14 December 2021).

3.3. Research Methods
3.3.1. Identification of Shrinking Cities and Towns

Most scholars use population decline as the primary criterion for identifying shrinking
towns [8,23,53]. Some scholars also identify shrinking towns from multiple dimensions such
as demographic, economic, and social [54] or with the help of nighttime light data [12,28].
In this study, the average annual change in urban population was used as an indicator for
identifying urban shrinkage.

1
o an ((112—711))
RHW-_<<A%1> 1] x 100 1)

Here, Rpop is the rate of shrinkage of the town, M,; and M, are the population
numbers in the initial and final years, and n2 — n1 is the population change during the
study period. When Rppp < 0, the town is experiencing shrinkage, and the higher the
absolute value of Rppp, the higher the shrinkage of the town. When Rppp < —2%, the
town experiences a significant shrinkage.

3.3.2. Methods of Spatial Autocorrelation Analysis

Global autocorrelation is usually illustrated using Moran’s I [55], which measures
the general trend of the spatial correlation of the shrinkage rate of shrinking towns. It is

calculated as follows: _ _
" Y1 Y wij(x; — %) (x; — X)
Yty L wij(x; — X)

Local autocorrelation is usually illustrated using the local Moran’s I [56], which
measures the local spatial relationship between the shrinkage rate of shrinking towns and
the shrinkage rate of surrounding shrinking towns. It is calculated as follows:

@

I_zgﬁiﬁf 103 (% — %) €)

where 7 is the total number of shrinking towns. x; and x; are the shrinkage rates of towns i
and j, respectively; X is the mean value of the shrinkage rate; and wj; is the spatial weight
matrix indicating the proximity of townsiand j;i=1,2,3,... ,n;,j=1,2,3,... ,mi#].

3.3.3. Methods of Influencing Factors Analysis

This study analyzes the factors influencing the shrinkage of cities and towns in North-
east China. First, this paper uses an ordinary least square (OLS) model [57] to identify the
key factors of urban shrinkage in prefecture-level cities, county-level towns, and ordinary
towns. The OLS model is as follows:

Y =kX+b @)

where Y is the average annual rate of change of the urban population as a dependent
variable, and X is an independent variable, i.e., indicator that affects the change of the
urban population.
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However, OLS models can usually only regress data for towns at the same level,
making it difficult to observe the impact of higher-level towns on lower-level towns. Based
on the HLM model, this study further analyzes the impact of high-level towns on the
shrinkage of lower-level towns under their jurisdiction in order to explore the extent and
path of the influence of high-level towns on lower-level towns [58]. Specific forms of HLM
models can be divided into zero models, random effects models, and full models. The
HLM model of the “prefecture-level city-county town” is taken as an example.

Zero model: The null model is the premise and basis for the construction of the HLM
model. This model is used to explain the between-group and within-group effects and to
determine whether the town shrinkage of each county town is affected by the prefecture-
level city and the county town. In the null model, only the dependent variable is added
to the first-level (county-level town) model and to the second-level (prefecture-level city)
model in order to construct the model directly (as shown in Equations (5)—(7)):

Level 1: Yj; = Boj + &j ©)
Level 2: Bo; = 700 + Ho; ©)
Mix model: Yj; = o0 + poj + €; @

Random effects model: A random effects model is used to add explanatory variables
to the first level of the null model in order to investigate the effects of prefecture levels and
county levels on county-level town shrinkage (as shown in Equations (8)-(11)):

Level 1: Yj; = Boj + B1;Xij + € ®)

Level 2: Bo;j = Yoo + poj ©)

B1j = 710 + M) (10)

Mix model: Yj; = o0 + 710Xij + poj + 11 Xij + €ij (11)

Full model: The full model is based on a random effects model with the addition of
prefecture-level and city-level variables to the second tier of the model. This approach
not only allows testing the multiple effects of influencing factors on county-level town
shrinkage at the prefecture-level and county-level but also enables analysis of the effects of
prefecture-level and county-level influencing factors on county-level town shrinkage (as
shown in Equations (12)—(15)):

Level 1: Yij = Boj + B1jXij + € (12)

Level 2: Bo; = 00 + Y01 W + Hoj (13)

Bij = 110 + Wi + (14)

Mix model: Yi]- = Y00 + Y01 Wj + ’YlOXz‘j + 711 Wsz’j + Moj + Vleij + &) (15)

where i and j denote units at the county town and prefecture-level city; the explanatory
variable Y;; denotes the shrinkage rate of county town i within the jth prefecture-level city;
Xij denotes the county town effects on the shrinkage rate of county town i in prefecture-level
city j; Boj and By; denote the intercept and slope, respectively; ¢;; is the residual variance
at the first level; W; denotes the prefecture-level city influences; oo and 719 show the
intercepts of the equation; yp; and 11 show the regression coefficients of the cross-level
effects of the prefecture-level city influences on the county town; and jio; and y; represent
intercept and slope residuals.
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4. Hierarchical Differences and Correlations of City and Town Shrinkage
4.1. Hierarchical Differences

Urban shrinkage in Northeast China mainly occurs in the period 2010-2020 and
shows multi-level variability (Table 2). From 2000 to 2010, Northeast China shows a
normal urbanization trend with population moving from small towns to large and medium
cities. Most prefecture-level cities and county-level towns maintain growth and only some
ordinary towns experience urban shrinkage. From 2010 to 2020, the spatial polarization of
the urban population in Northeast China is becoming more pronounced. More than half
of the prefecture-level cities, county-level towns, and ordinary towns will be among the
shrinking towns, showing an “overall” shrinkage trend.

Table 2. Number of shrinking cities and towns in Northeast China.

2000-2010 2010-2020
Level . Slight Significant . Slight Significant
Shrinkage Shrinkage  Shrinkage Shrinkage Shrinkage  Shrinkage
Prefecture 5 5 0 20 14 6
level 14.7% 14.7% - 58.8% 41.2% 17.6%
County 11 10 1 78 56 22
level 7.6% 6.9% 0.7% 54.2% 38.9% 15.3%
T level 518 232 286 594 290 304
ownleve 44.2% 19.8% 24.4% 52.2% 24.7% 25.9%

The shrinkage of cities and towns in Northeast China varies significantly depending
on their level. Prefecture-level cities showed the most widespread shrinkage, with 17.6%
showing a significant shrinkage and 41.2% showing a slight shrinkage in the period 2010-
2020. The proportion of both slight and significant shrinkage at the county level is slightly
lower than at the prefecture level. However, the proportion of shrinking towns at the
county level is growing rapidly, from 7.6% in the period 2000-2010 to 54.2% in the period
2010-2020. The ordinary towns showed the most severe and continued shrinkage, with
almost half experiencing shrinkage and about 25% experiencing significant shrinkage in
both periods.

The spatial distribution of urban shrinkage in Northeast China shows significant
differentiation at multiple levels (Figure 4). Shrinking prefecture-level cities are mostly
land border cities, showing a spatial pattern of “marginal shrinkage”. Shrinking towns at
the county level show evolutionary characteristics from “sporadic” clustering to “balanced”
distribution. Most county-level towns in prefecture-level administrative divisions show the
coexistence of “growth and shrinkage”. The shrinkage of ordinary towns generally shows
an expanding trend from north to south. Shrinking towns at all levels in Northeast China
are concentrated in the Changbai Mountains in the east and the Xiaoxing’an Mountains in
the north, showing the significant characteristic of “mountain shrinkage”.
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Figure 4. Spatial pattern of multi-level town shrinkage in Northeast China. Subfigure (a) shows
the spatial pattern of multi-level town shrinkage in Northeast China during the period 2000-2010;
Subfigure (b) shows the spatial pattern of multi-level town shrinkage in Northeast China during the
period 2010-2020.

The global spatial autocorrelation of city and town shrinkage in Northeast China
is not significant, and its spatial agglomeration characteristics are only reflected in local
space. There are four types of local spatial autocorrelation. They include High-High
type, where both the town and surrounding towns with no shrinkage or low shrinkage
are located; High-Low type, where the town with no shrinkage or low shrinkage and
surrounding towns with high shrinkage are located; Low-Low type, where both the town
and surrounding towns with high shrinkage are located; and Low-High type, where the
town with high shrinkage and surrounding towns with no shrinkage or low shrinkage are
located.

There are hierarchical differences in the spatial clustering characteristics of urban
shrinkage in Northeast China (Figure 5). Spatial agglomeration of cities at the prefecture
level is increasingly pronounced in the “high south and low north”. The High-High
and Low-High types are concentrated in the coastal areas of Liaoning Province, while
the Low-Low types are concentrated in northeastern Heilongjiang Province. The spatial
clustering characteristics of county-level towns shift from “localized clustering” to “random
distribution”, with the Low-Low type in the northern and western regions of Heilongjiang
Province and the Low-High type in the coastal region of Liaoning Province decreasing
significantly. The most significant feature of local autocorrelation is noticed in ordinary
towns. The High-High and Low-High types gradually shift from the coastal areas of
Liaoning Province to the Ha-Chang urban agglomeration, and the Low-Low types are
concentrated in the western and eastern parts of Heilongjiang Province and the eastern
part of Jilin Province.
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Figure 5. Local spatial autocorrelation of multi-level town shrinkage in Northeast China. Subfigure (a)
shows the local spatial autocorrelation of multi-level town shrinkage in Northeast China during the
period 2000-2010; Subfigure (b) shows the local spatial autocorrelation of multi-level town shrinkage
in Northeast China during the period 2010-2020.

General results indicate that: (1) the High-High and Low-High types of the prefecture-
level cities, the Low-High types of county-level towns, and the High-High types of ordinary
towns overlap in the coastal area of Liaoning Province, which indicates that the devel-
opment of all levels of towns in the region is generally high; (2) the Low-Low types of
prefecture-level cities, county-level towns, and ordinary towns overlap around Yichun City,
which indicates that the development level of all towns in the region is much lower than
the development level of the surrounding areas; and (3) the High-Low and Low-Low types
of prefecture-level cities and ordinary towns overlap in northeastern Heilongjiang Province,
and the spatial types of county-level towns are not significant. The main shrinkage in
the region is noticed in prefecture-level cities and ordinary towns, and the shrinkage of
county-level towns is not significant.

4.2. Hierarchical Correlations

Shrinking towns are a product of the development of a regional town system and do
not exist in isolation. In China, prefecture-level cities, county-level towns, and ordinary
towns form several relatively common and closely related regional town systems, which
are important units of regional development. These regional town systems are an organic
whole with prefecture-level cities as the core and a range of towns of different sizes and
functions. By changing the constituent elements within the regional system, the dynamic
balance of the development of towns in the region also changes. Some towns quickly
develop into new growth poles, and those that do not take advantage of the opportunity
gradually shrink.

Based on the growth and shrinkage patterns of regional towns, this study classi-
fies the regional town system into five types: growth-driven, central siphon, peripheral
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growth, local growth, and global shrinkage (Figure 6). Growth-driven type suggests that
prefecture-level cities, county-level towns, and ordinary towns are generally in a state of
growth. Central-siphon type indicates that prefecture-level cities maintain growth, while
most county-level towns and ordinary towns shrink. Peripheral-growth type shows that
prefecture-level cities and most ordinary towns are shrinking, but half or more of the
county-level towns are still growing. Local-growth type indicates that prefecture-level
cities, most county-level towns, and ordinary towns are shrinking. Global-shrinkage type
suggests that prefecture-level cities, county-level towns, and most ordinary towns are also
shrinking.
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Figure 6. Types of multilevel associations of urban shrinkage in Northeast China. Subfigure (al)
and (a2) show the types of multilevel associations of urban shrinkage in Northeast China during the
period 2000-2010 and the period 2010-2020, respectively; Subfigure (b1-b5) show the five types of
multilevel associations of urban shrinkage, respectively.

The spatial differentiation of urban shrinkage in Northeast China regarding multiple
levels and types of association became prominent after 2010. The spatial polarization of the
population became more pronounced, shifting from the pattern of “small towns partially
shrinking, while large and medium-sized towns maintain growth” to the pattern of “small
and medium-sized towns widely shrinking, while some large cities polarize and grow”.

The “growth belt” along the Harbin—Dalian Railway contrasts with the “shrinking
belt” in the mountainous areas in the east and north from 2010 to 2020. The growth of
cities and towns at all levels in Northeast China has been slow, and in some areas, all
cities and towns at the “prefecture-county-town” level have shrunk. The drivers of growth
are mainly concentrated around the “Harbin-Dalian Railway”, which is the growth belt
of Northeast China. The central cities in this region drove the rapid development of the
surrounding small- and medium-sized towns through the decentralization and diffusion of
functions and industries. The central siphoning type is represented by Daqing and Heihe
City. Cities at the prefecture level have a weak economic and industrial driving ability to
subordinate towns, and the diffusion effect is not significant, i.e., it is still in the siphoning
development stage. The population and resource factors of subordinate small and medium
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towns are concentrated in central cities. The peripheral growth type is mainly located in
northeastern Heilongjiang Province and northeastern and western Liaoning Province. The
central cities are mostly resource-based towns, which are not strongly connected to the
industry of county-level towns and ordinary towns under their jurisdiction. When the
central cities experience industrial and population decline due to resource depletion, the
county-level towns and ordinary towns under their jurisdiction have a certain degree of
resilience based on their resource endowments and industrial bases and do not shrink in
tandem with the central cities. Local growth and global shrinkage types are mostly found
in remote areas away from economic centers and transportation arteries. Central cities of
this type suffer from economic and industrial decline, and small and medium towns are
also in a state of shrinkage, making it the most severe area of urban shrinkage in Northeast
China.

5. Associated Mechanisms of City and Town Shrinkage in Northeast China
5.1. Factors Affecting Shrinkage of Multi-Level Cities and Towns

This paper uses the OLS model to identify the factors influencing different levels of
shrinkage of cities and towns in Northeast China (Table 3). The obtained results show
that the shrinking of cities at the prefecture level is mainly caused by the lower level of
economic development (ECO1), insufficient investment in fixed assets (ECO2), lagging
in the development of tertiary industry (IND3), and poor level of traffic facilities (INF2).
The shrinkage of county-level towns is mainly caused by a smaller percentage of floating
population (POP2), smaller size of county towns (POP3), slow economic development
(ECO1), smaller number of enterprises (IND1), proportion of secondary industry (IND2),
and a low level of high-tech industry (IND4). The shrinkage of ordinary towns is mainly
caused by a smaller number of rural inhabitants (POP3), a larger proportion of secondary
industries (IND2), a lower proportion of tertiary industries (IND3), insufficient level of
high-tech industry (IND4), poor medical care (INF1), air pollution (ENV1), and lack of
arable land (ENV2). However, what is interesting is that more enterprises (IND1) would
not stop the population decline in small towns. The robustness tests of the OLS model are
shown in Appendix A.

Table 3. Factors influencing city and town shrinkage in Northeast China.

Categories Variables Prefecture Level County Level Town Level
POP1
Population POP2 0.248 **
POP3 0.315 *** —0.562 ***
ECO1 0.577 *** 0.396 ***
Economic ECO2 0.268 *
ECO3
IND1 0.678 *** —0.097 ***
Industr IND2 0.315 ** —0.337 ***
y IND3 0.639 *** 0.101**
IND4 0.552 ** 0.313 ***
In INF1 0.099 ***
nirastructure INEF2 0.211 **
Envi ENV1 —0.085 ***
nvironment ENV?2 0.129 ***
R? 0.514 0.311 0.338

*, ** and *** denote values that are significant at the 0.1, 0.05, and 0.01 levels, respectively.

There are significant correlations and differences in the factors affecting the shrinkage
of cities and towns at different levels in Northeast China. Poor infrastructure is a common
problem in the shrinkage of cities and towns at all levels and has a significant negative
impact on the attractiveness of the population, average life expectancy, and natural growth
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rate of towns. The shrinkage of low-level towns is more limited by factors such as industry,
infrastructure, and environment, while the factors affecting the shrinkage of high-level cities
are related to economy, technology level and infrastructure. Differences in demographics
and average wages between shrinking cities and towns of the same level are small, which
leads to insignificant regression results for the aging rate and average wages in towns.

5.2. A Multilevel Correlation Analysis of Factors Influencing Shrinking Cities and Towns
5.2.1. Cross-Level Impact of Prefecture-Level Cities on County-Level Towns

The obtained results show significant cross-level interactions between prefecture-level
cities and county-level towns (Table 4). At the prefecture level, the indices of economic
level, average wage, medical level, and transportation level pass the significance test. These
prefecture-level indicators have significant cross-level effects that can be superimposed to
the share of floating population, population concentration, economic level, and proportion
of secondary industry of county-level towns.

Table 4. The cross-level impact of prefecture-level cities on county-level towns.

County-Level Regression Prefecture-Level Variables
Variables Coefficient ECO1 ECO3 INF1 INF2
POP2 0.248 ** 4.386 0.045 —4.017* —8.842
POP3 0.315 *** 4.882 —4.775** 3.296 * —1.241
ECO1 0.396 *** 2.226 % —0.504 —2.115 —0.302
IND2 0.315 ** -1.715 —0.560 —3.406 * —5213*

*,**, and *** denote values that are significant at the 0.1, 0.05, and 0.01 levels, respectively.

Improving the level of economic development of prefecture-level cities will slow down
the shrinkage of county-level towns under their jurisdiction, while improving the salaries,
medical care levels, and traffic levels of prefecture-level cities will aggravate the shrinkage
of county-level towns under their jurisdiction. With the improvement in the level of
economic development, the influence of prefecture-level cities on county-level towns under
their jurisdiction has gradually shifted from the siphoning effect to the diffusion effect.
Furthermore, county-level towns have increased their population and economic scale and
enhanced population attractiveness in the process of industrial and functional expansion of
prefecture-level cities. Increasing the average wages in prefecture-level cities increased the
willingness of the labor force in subordinate areas to work and move to municipal districts,
relatively weakened the attractiveness of the population in county-level towns, and led
to a gradual decline in the population center and population scale of county-level towns
under their jurisdiction. The huge gap in the level of infrastructure between prefecture-
level cities and county-level towns has reduced the attractiveness of county-level towns
to the population. Many county populations are driven by the level of service facilities in
order to move to prefecture-level cities. The level of traffic in prefecture-level cities can
strengthen the socio-economic links between prefecture-level cities and county-level towns,
reduce the temporal and spatial costs of population migration, and aggravate the process
of population transfer from county-level cities to prefecture-level cities.

5.2.2. Cross-Level Impact of Prefecture-Level Cities on Ordinary Towns

The obtained results indicate significant cross-level interactions between prefecture-
level cities and ordinary towns (Table 5). At the prefecture level, average wage, enterprise
size, share of tertiary production, high-tech level, medical level, and traffic level pass the
significance test. These prefecture-level indicators show significant cross-level effects that
can be superimposed to population concentration, the share of secondary production, the
share of tertiary production, and the high-tech level of ordinary towns.
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Table 5. The cross-level impact of prefecture-level cities on ordinary towns.

Town-Level Regression Prefecture-Level Variables
Variables Coefficient ECO3 IND1 IND3 IND4 INF1 INF2
POP3 —0.562 *** 0.483 ** 0.688 0.155 —1.115* 0.344 * 0.290
IND2 —0.337 —0.035 —4.638 ** 0.888 * 3.576 0.792 0.898
IND3 0.101 ** —0.690 1.006 —~0.196 —0.702 —1.975 ** —1410*
IND4 0.313 *** 0.471 1.095 ~1.194 % 0.214 ~1.196 —0.963

*,**, and *** denote values that are significant at the 0.1, 0.05, and 0.01 levels, respectively.

Improving enterprise scale and high-tech level in prefecture-level cities will slow down
the shrinkage of lower-level ordinary towns, while increasing salary, the share of third
industry, medical level, and traffic level in prefecture-level cities will intensify the shrinkage
of lower-level ordinary towns. Due to industrial upgrading and transformation, industrial
enterprises in prefecture-level cities begin to shift to key ordinary towns under their
jurisdiction. This process improves the scale and high-tech level of industrial enterprises in
the surrounding ordinary towns and slows down their shrinkage. The increase in wage
levels in prefecture-level cities enhanced the willingness of workers in lower jurisdictions
to work and move to municipal areas, which leads to a gradual decline in the population
centrality and population size of towns under their jurisdiction. The rapid expansion
of tertiary industry in prefecture-level cities created many jobs with lower employment
thresholds, attracting the population of subordinate ordinary towns to prefecture-level
cities. The higher the level of medical services in prefecture-level cities, the stronger
the attraction of the population of subordinate ordinary towns, which further promotes
the migration of the population of subordinate ordinary towns to prefecture-level cities.
Improving the level of road traffic in prefecture-level cities shortens the time distance
from subordinate ordinary towns to prefecture-level cities, which promotes socio-economic
connections between prefecture-level cities and subordinate ordinary towns. This process
further intensifies the siphoning effect of prefecture-level cities on subordinate ordinary
towns.

5.2.3. Cross-Level Impact of County-Level Towns on Ordinary Towns

This study obtained significant cross-level interactions between county-level towns
and ordinary towns (Table 6). At the county level, the indices of population concentration,
economic level, average wage, high-tech level, medical level, and traffic level pass the test
of significance. These prefecture-level indicators have significant cross-level effects that can
be superimposed on population concentration, enterprise size, the share of secondary pro-
duction, the share of tertiary production, high-tech level, medical level, and environmental
pollution of ordinary towns.

Table 6. The cross-level impact of county-level towns on ordinary towns.

Town-Level Regression County-Level Variables

Variables Coefficient POP3 ECO1 ECO3 IND4 INF1 INF2
POP3 —0.562 *** —0.434 0.601 *** 0.019 —0.346 * —0.039 0.046
IND1 —0.097 *** —0.011 —0.074 0.437 *** —0.111 —0.086 0.066
IND2 —0.337 #* 0.059 —0.771 —0.027 0.656 —0.591 —0.209
IND3 0.101 ** —0.620 ** 0.299 0.078 —0.566 1.382 —0.302 *
INF1 0.099 *** —0.117 0.001 —0.051 0.172 0.306 ** —0.076
EVO1 —0.085 *** 0.084 0.193 0.234 —0.051 0.350 ** 0.139

*,**, and *** denote values that are significant at the 0.1, 0.05, and 0.01 levels, respectively.

Technological improvement of enterprises in county-level towns will slow down the
shrinkage of ordinary towns, while population concentration, economic level, average
wages, medical level, and traffic level of county-level towns will intensify the shrinkage of
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ordinary towns. The greater the population centrality of county-level towns, the greater
the degree of development of the county town and its attractiveness for the population
of subordinate towns. The higher the average wages in county-level towns, the stronger
the attraction for the labor force of lower-level ordinary towns. This is not conducive
to the development of industries in ordinary towns and accelerates the migration of the
population of ordinary towns to county cities. Due to industrial upgrading and transfor-
mation, industrial enterprises in county-level towns begin to shift to key ordinary towns
under their jurisdiction. This process largely increases the competitiveness of industrial
enterprises in ordinary towns, expands the scale of industrial enterprises and employ-
ment in ordinary towns, and slows down the shrinkage of ordinary towns. Improving
traffic level in county-level towns can weaken the positive effect of the scale of the three
industries on the population of ordinary towns, which in turn aggravates the shrinkage
of ordinary towns. Furthermore, the improvement of traffic level in county-level towns
decreases the time distance from lower ordinary towns to county towns and accelerates
the socio-economic flow between county towns and lower ordinary towns. This makes
the residents of ordinary towns more inclined to go to county towns for medical treatment
and consumption, which decreases the local consumption in ordinary towns. In turn, the
positive effects of the scale of tertiary industry and medical treatment level in ordinary
towns on the population of the ordinary towns are weakened.

5.3. Associated Mechanisms of Multi-Level Shrinking Cities and Towns

The effects of agglomeration and diffusion are important mechanisms of multi-level
shrinking towns in Northeast China. Wages, medical care, and road traffic in higher-level
cities have a strong siphoning effect on lower-level towns, while the high-tech level and
industrial development of higher-level cities have a significant diffusion effect on lower-
level towns. However, there are more complex hierarchical differences in population
shrinkage due to the interconnectedness of factors at multiple town levels. When a central
city shows a shift from growth to shrinkage, population shrinkage between high- and
low-level towns will show different effects of aggregation and diffusion.

When a central city grows, it attracts large numbers of people from the low-level
towns due to higher wages, better health services, better infrastructure, and more jobs,
which in turn expands the size of the central city. When the size of the central city reaches a
certain level, the marginal effect of the agglomeration economy tends to decline, and the
diffusion effect of the central city to subordinate towns becomes prominent. By absorbing
the industry of the central city and borrowing the functions and facilities of the central
city, the economy and industry of the low-level towns under its jurisdiction are developing
rapidly. When the agglomeration effect of the central city is much greater than the diffusion
effect, the population of the central city grows while small- and medium-sized towns
continue to lose population. Furthermore, when the diffusion effect of the central city is
dominant, the central city and the subordinate small- and medium-sized towns maintain
the overall growth trend.

When the central city shrinks, the economic and industrial development of the central
city stagnates, and the cross-level influence on the subordinate county-level towns and
ordinary towns diminishes. While some county towns with a certain population and
industry size have not declined along with the central city, they have shown a resilience
and independent development.

Ordinary towns are influenced by central cities and county towns. There is a huge
difference between ordinary towns and high-level towns regarding industry, infrastructure,
and habitat. Thus, it is difficult for ordinary towns to reverse their shrinking trend by
expanding their economies and industries. Most ordinary towns experienced population
decline, except for those with abundant arable land resources, which barely maintained a
certain population size.
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6. Discussion

Northeast China’s multi-level urban system can be seen as a co-evolutionary process,
with cities and towns interacting within and between levels. The co-evolutionary process is
complex and diverse due to differences in socio-economic status and interactions between
cities and towns [59,60]. Industry and infrastructure play a key role in the co-evolution
of urban systems. The socio-economic condition of the central city directly affects the
growth and shrinkage of other towns in the urban system. However, even when the central
city shrinks, the subordinate county-level towns and ordinary towns can still maintain a
strong population and economic vitality. As the political, economic, and cultural center
of the region, the stage of central city development plays an important role in influencing
the spatial patterns of socio-economic development, growth, and shrinkage of towns at
all levels under its jurisdiction. The sustainable development of towns’ industries is the
basis for harmonious development of multi-level towns in the region. In areas such as
Harbin, Changchun, Shenyang, and Dalian, the transformation and upgrading of industry
in the central cities have been largely completed. By taking over the original industries of
the central cities or by incorporating them into the system of industrial production and
borrowing the facilities and functions of the central cities, small- and medium-sized towns
in the region grow rapidly. In regions such as Daqing, the central city has a strong industrial
base and well-developed infrastructure, which attracts young people from low-level towns
and rural areas on the periphery. Due to the over-dependence of the central city’s industrial
development on oil extraction and the limited role of industrial diffusion to the low-level
towns under its jurisdiction, Daqing developed a spatial pattern of extensive shrinkage
of towns under the growth of the central city. In Hegang, employment opportunities and
wages in the central city plummeted as the depletion of original coal resources and the
decline of related manufacturing industries lagged behind the development of alternative
industries and services. The decline of industry and economy in the central cities has accel-
erated the process of population return to the towns under their jurisdiction. County-level
towns in the region have become a new pole of population growth. In Yichun, the central
city was the first to experience population loss due to the depletion of forest resources and
the decline of the steel and forestry industries. County towns are generally smaller in size,
with poorer levels of facilities and sparsely populated rural areas under their jurisdiction
and with insufficient arable land resources. Towns at all levels face the challenges of falling
behind in industrial development, population loss, and marginalization.

The concept of multi-level coordination and the research framework of shrinking town
governance is also important. In the process of shrinking town governance, hierarchical
differences and correlations of shrinking towns should be taken into account, and the role
of multi-level coordination of “prefecture-county-town” should be emphasized in order
to guide the shrinking towns policy in Northeast China. Shrinking cities should solve the
unresolved problems and shortcomings in urban development, change the real-estate-based
development and construction mode to an intensive construction mode in order to improve
urban quality, optimize the distribution of capital and land, and promote the transformation
of the urban development mode from the source [61]. Shrinking county-level towns should
return the focus of development to the county, which is the preferred settlement and place of
employment for rural workers to enter the city. They should also improve the infrastructure
and public services of the county, promote the concentration of surrounding rural workers
in the county, promote industrial clustering, and improve economic efficiency. Shrinking
ordinary towns should first change the homogenous construction pattern and select key
towns for priority development. It is also necessary to strengthen the infrastructural
development of general towns in order to improve living and production conditions.

7. Conclusions

Urban growth and shrinkage are dynamic and interrelated processes, and there is
a significant influence of high-level cities on low-level towns. This study found that: (1)
Urban shrinkage has become a common phenomenon at all levels of cities and towns
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in Northeast China, showing an increasing trend in the number of shrinking cities and
towns and a deepening degree of shrinkage. (2) The shrinkage of cities and towns in
Northeast China varies significantly by level, with prefecture-level cities having the largest
shrinkage percentage, county-level towns having a small shrinkage percentage but the
fastest shrinkage speed, and ordinary towns having an earlier shrinkage and a continuous
shrinkage trend. (3) The decrease in the population of cities and towns within the same
municipality is not completely synchronized. In terms of spatial patterns, the multi-
level relationship between cities and towns is divided into growth-driven, central siphon,
peripheral growth, local growth, and global shrinkage. (4) Significant differences exist in
the factors influencing town shrinkage at each level. The shrinkage of prefecture-level
cities and county-level towns is affected by similar factors, mainly economic development,
industrial development, and built environment, while the shrinkage of county-level towns
can be significantly reduced by increasing the ratio of floating population and population
centrality. In areas with poor arable land resources and environment, ordinary towns are
more likely to shrink. (5) There is a significant cross-level effect of high-level cities on the
shrinkage of low-level towns in Northeast China. With the benefits of higher wages, better
medical services, better infrastructure, and more jobs, high-level cities have a powerful
effect of siphoning population from low-level towns; meanwhile, high-level cities accelerate
the economic and industrial development of low-level towns through industrial transfer
and technology diffusion.

A multi-level analysis of urban shrinkage is a useful perspective. Little attention
has been paid to the multi-level character of urban shrinkage. This study attempts to
theoretically investigate the multi-level variability and correlation of town shrinkage and
practically analyzes the correlation and variability of different levels of town shrinkage
in Northeast China. However, due to the limitations of the HLM model, the multi-level
analysis of towns in this study has certain limitations. The study neglects the differences
in the strength of connections between lower and high-level towns. Factors such as the
spatial distance between low-level towns and high-level towns and the degree of industrial
linkages can cause large differences in the linkages between high-level towns and low-
level towns. Due to data availability limitations, this study cannot adopt a quantitative
approach to explore the effects of COVID-19 on urban shrinkage. It can only theoretically
and qualitatively analyze the effect of COVID-19 on migration and the mobility of people
between cities. The pre-2000 population census’s statistical standard and data precision are
insufficient to support a longer time series study of urban growth and shrinkage.
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Appendix A

Table A1l. The robustness tests of the OLS model.

Categories Variables Prefecture Level County Level Town Level
POP1
Population POP2 0.274 ***
POP3 0.219 ** —0.099 **
ECO1 0.347 * 0.440 ***
Economic ECO2 0.493 ***
ECO3
IND1 0.885 *** —0.100 **
Industr IND2 0.341 ** —0.037
y IND3 0.342 * 0.054
IND4 0.546 *** 0.109 **
Inf INF1 0.013
nfrastructure INF2 0.180 *
E . ENVl _0236 s
nvironment ENV?2 0.084 **
R? 0.384 0.378 0.165

This study tests the robustness of the OLS model by replacing the dependent variable. In Appendix A, the rate
of change of resident population in municipal districts of prefecture-level cities was replaced by the number of
population changes (sum of registered and temporary population) in the built-up area of prefecture-level cities.
Considering that the statistical yearbook does not count the number of permanent residents in built-up areas of
county-level towns and ordinary towns, the rate of population change for county-level towns and ordinary towns
is replaced by the number of population changes. *, **, and *** denote values that are significant at the 0.1, 0.05,
and 0.01 levels, respectively.

Note

1

Data on the population of the townships in this study were obtained from the China Township Statistics and the China Statistical
Yearbook (Township). Considering that the China Statistical Yearbook (Township) no longer counts the population of the built-up
area of the town after 2018, statistics from 2018 were used for the town population. Using the average annual rate of population
change (Equation (1)) to identify urban shrinkage minimizes the effect of time period on the identification of shrinking towns and
comparisons between multiple levels. Missing data in this study are filled in using adjacent years.
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