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ABSTRACT
In light of a scarcity of research on the spatial effects of urbaniza-
tion on poverty reduction, this study uses panel data on 30 prov-
inces in China from 2009 to 2019 to construct a system of indices
to assess poverty that spans the four dimensions of the economy,
education, health, and living. We use the spatial autocorrelation
test and the spatial Durbin model (SDM) to analyze the spatial
effects of urbanization on poverty reduction in these different
dimensions. The main conclusions are as follows: (a) China’s
urbanization has the characteristics of spatial aggregation and a
spatial spillover effect. (b) Different dimensions of poverty had
the attributes of spatial agglomeration, and Moran’s index of a
reduction in economic poverty was the highest. Under the SDM,
the different dimensions of poverty also showed a significant
positive spatial correlation. (c) Urbanization has a significant effect
on poverty reduction along the dimensions of the economy, edu-
cation, and living, but has little effect on reducing health poverty.
It has a spatial spillover effect on poverty reduction in economic
and living contexts. (d) There were spatial differences in the effect
of urbanization on relieving economic and living-related poverty.
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1. Introduction

Urbanization and rural poverty are essential worldwide issues (Arouri et al., 2017;
Ravallion et al., 2007). The modern history of humankind is not only one of urban-
ization but also the history of the continual struggle against poverty. After World
War II, the global anti-poverty movement progressed under a United Nations-led
cooperation framework. Although impressive progress has been made in reducing
extreme poverty since then, 1.3 billion people still live in multidimensional poverty in
107 developing countries of the world (United Nations, 2015). The outbreak of the
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COVID-19 pandemic may have set back the world’s progress in tackling multidimen-
sional poverty by 3 to 10 years. Reducing multidimensional poverty, therefore,
remains a top priority in achieving the United Nations’ 2030 agenda for its
Sustainable Development Goals (OPHI, 2020). Urbanization is speeding up globally,
scale economies and agglomeration economies have been encouraged, leading to tre-
mendous economic development and job prospects. Thus, urbanization has emerged
as a significant factor in the fight against poverty (Awan et al., 2011; Shahbaz et al.,
2010).

As the largest developing country in the world, China has undergone a process of
urbanization that is unprecedented in human history. Implementing a sustainable
policy of urbanization is essential to reduce poverty in China. The country’s rate of
urbanization has risen from 17.92% in 1978 to 60.60% in 2019, an average annual
growth rate of 1.04% which is much higher than the world average for the same
period (Yu, 2021). Joseph Stiglitz, the Nobel Prize-winning economist, has argued
that urbanization in China is one of the two key influences on human development
in the 21st century (Bloomberg News, 2012). In the same period, the number of poor
people in China decreased from 770 million in 1978 to 5.51 million in 2019. China’s
absolute poverty was eliminated in 2020, achieving 10 years ahead of schedule the
United Nations’ 2030 Agenda for Sustainable Development goal of reducing poverty.
Thus, China has significantly contributed to global poverty reduction, human devel-
opment, and progress (Xinhua News, 2021).

The Chinese government has long acknowledged the role of urbanization in pov-
erty reduction. In 2011, the government issued the China Rural Poverty Alleviation
and Development Program (2011–2020), which explicitly stated that poverty allevi-
ation should be combined with urbanization. In 2014, the Chinese government for-
mulated the National New-type Urbanization Plan (2014–2020), which recognized
urbanization as a necessary step in addressing the problems of rural poverty, and
claimed that the promotion of urban economic strength could enhance the ability to
drive rural areas while promoting economic and social development in them. In
2018, the administration released guiding opinions on a three-year campaign to win
the battle against poverty. It emphasized the vital role of the area of urban and rural
construction land, allocation of educational resources, medical security, social welfare,
and centralized population resettlement to reduce poverty. The 2021 Central
Document No.1 emphasizes the role of small towns in connecting cities and rural
areas.

China cannot get rid of poverty on time without a sustained and continuous
urbanization policy. In addition, the trade-off between urbanization and reduce pov-
erty quickly establishes an understanding of their relationship and prompts the fol-
lowing inquiries: (1) Does urbanization contribute to rural poverty reduction? (2)
What is the impact of urbanization on rural poverty reduction? The first question has
been extensively examined in the relevant research (Henderson, 2010; Yacob et al.,
2017), but the second question has not been considered as thoroughly. Research on
the spatial spillover effect of urbanization on poverty reduction is lacking in the lit-
erature. This study aims to fill this gap. This paper analyzes the effects of urbaniza-
tion on multidimensional poverty reduction from the perspectives of the economy,
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education, health, and living and explores its corresponding mechanism of action,
which reveals to a certain extent the characteristics and trends of urbanization on
rural poverty reduction, can enrich the research in related fields, while taking rural
China as the research object has strong practical significance, and can provide a basis
for international governments to formulate relevant poverty alleviation policies. It
plays a positive role in promoting the development of global poverty reduction.

The remainder of this article is organized as follows. Section 2 briefly reviews
research on the relationship between urbanization and poverty reduction and notes
the gaps in current research. Section 3 introduces the methods and data sources used
in this study. In Section 4, we report the results of our empirical analysis. In Section
5, the results are discussed, the study’s conclusions are summarized, and policy sug-
gestions are made.

2. Literature review

2.1. The multiple dimensions of poverty

Traditional poverty generally refers to material hardship whereby a person or family
does not meet the minimum socially acceptable living standards. However, the inter-
national community has come to realize that poverty is not only about material
deprivation but also about low levels of education, poor health, and vulnerability to
external shocks. Since Sen (1981) first put forward the concept of ‘multidimensional
poverty’, poverty has gained wider acceptance as a multidimensional notion (Betti
et al., 2015; Bourguignon & Chakravarty, 1998). The Human Development Index, the
Human Poverty Index, and the Multidimensional Poverty Index (MPI) published by
the World Bank all reflect this idea by Sen (1999). The United Nations Development
Programme and the Oxford Poverty & Human Development Initiative (OPHI) have
used the multidimensional poverty index to measure poverty in developing countries.
Their reports have been published annually since 2010 (United Nations, 2010).

Hanandita et al. (2015), based on the poverty dimensions and evaluation indicators
used by the United Nations Multidimensional Poverty Index, selected five indicators
(such as per capita daily consumption, illness episode, and so on) from the three
dimensions of Income, Health, and Education to represent the multidimensional pov-
erty situation in Indonesia. Liu and Yong (2016) used the sustainable livelihoods
approach to measure multidimensional poverty by constructing an index system of
poverty in five dimensions: financial capital, human capital, natural capital, physical
capital, and social capital. Alkire (2017), according to the United Nations
Multidimensional Poverty Index (MPI) of dimensions of poverty and evaluation indi-
cators, selected ten indicators (such as Years of Schooling, Child Mortality, Nutrition,
Improved Drinking Water, and so on) from three dimensions of education, health,
living standards to measure the multidimensional poverty situation in Armenia,
Bangladesh, and other 32 countries. Foster et al. (1984) developed the Foster–Greer–
Thorbecke (FGT) index to measure multidimensional poverty, and Alkire and Foster
(2011) designed the A-F method to measure multidimensional poverty that has since
been widely used. Li et al. (2019) used principal component analysis to explore the
spatial and temporal patterns of multidimensional poverty in rural China. Liu et al.
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(2021) used multiple linear regression and the stochastic forest model to figure out
what causes poverty in China’s rural areas.

2.2. Impact of urbanization on poverty reduction

Urbanization is the process of gradually converging a region’s labor, physical, human,
and technical capitals. The development of urbanization has a direct and far-reaching
impact on rural poverty (Lewis, 1954). This paper analyzes the mechanism of the
impact of urbanization on multidimensional poverty in rural areas from four aspects:
economic poverty, educational poverty, health poverty, and living poverty (Figure 1).
From a financial point of view, urbanization promotes the non-agriculturalization of
the rural economy. Urbanization can help create an industrial agglomeration econ-
omy, improve agricultural productivity, create a significant employment demand,
lower production costs, and promote economic growth by facilitating the gradual
transfer of production factors among the three major industries in the entire region.
Additionally, the flow of population, economy, and information technology in the
urbanization process will change the supply of agricultural products, thus disguising
higher prices for agricultural products, higher income for farmers, and lower inci-
dence of rural poverty (Kuznets, 1955).

From the perspective of education, the development of urbanization can promote
the expansion of regional education infrastructure services, while the corresponding
policies formulated by the government improve the level of sharing of education
infrastructure and help some farmers to access urban education, thus increasing the
proportion of the rural population receiving advanced education, raising the standard
of education, and helping urban workers to improve their income and escape from
poverty at the root. In addition, if the government sets up the right technical schools,

Figure 1. Schematic diagram of the mechanism of multidimensional poverty reduction effect of
Urbanization.
Source: drawn by authors.
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training centers, and hardware and software facilities, it can help workers improve
their quality, increase their production skills, and get technical knowledge to help
farmers who move to cities to work to get out of poverty (Ge et al., 2020; Lanjouw &
Murgai, 2010).

From the perspective of health, as urbanization progresses, the optimization of
industrial structure can promote rural economic development and the growth of
farmers’ income level, which will increase farmers’ consumption demand for medical
services, promote the development of a rural medical service market, and alleviate
rural medical poverty. Likewise, as urban residents and enterprises continue to gather,
the shared cost of urban inputs for production and consumption gradually decreases,
and the shared nature of medical infrastructure construction not only improves the
quality of life of residents working in the city but also significantly reduces the cost
of production and living, thereby lowering the incidence of poverty among farmers.
In addition, the development of the economic level can increase government revenue,
and the government will also increase transfer payments to rural medical services,
thus improving the level of rural medical services and promoting rural medical pov-
erty reduction (Henderson, 2010).

From the perspective of life, the continuous promotion of urbanization will pro-
mote the transfer of cutting-edge knowledge and technology from cities to rural areas,
subconsciously changing the production and living habits of rural areas and the con-
sumption concepts of rural people. The improvement of rural roads, full network
coverage, and other infrastructures will make rural areas have wider access to
advanced urban technology and information, and rural areas will continue to opti-
mize their industrial structure and improve labor productivity by taking the initiative
to absorb all kinds of advanced knowledge and technology from cities. Modernized
agricultural business concepts and urbanized rural consumption habits will attract the
excellent human capital from cities, which will help modernize rural production and
life and help rural people get out of poverty (Yacob et al., 2017).

However, many academics have claimed that urbanization has aggravated the
imbalance in development between urban and rural areas: Urbanization leads to a
loss of the factors of production, lack of development power, and imperfect support-
ing services and facilities in poor areas (Ge et al., 2016). Martinez-Vazquez et al.
(2009) identified a U-shaped relationship between urbanization and poverty: That is,
the early stage of urbanization was conducive to poverty reduction, but its later stage
enhances poverty. Long et al. (2016) have argued that the outflow of rural human
resources inevitably leads to the concentration of other elements of production and
public resources in urban areas and inhibits the developmental ability of poor areas
through polarization. At the same time, if the links between urban and rural econo-
mies are inadequate, the backward linkages of urbanization and its spillover effects
on rural areas are negligible, and thus the transfer of rural labor and the impact of
remittances on reducing rural poverty is limited (Azam & Gubert, 2006; Ge
et al.,2016).

As Tobler’s first law of geography states, ‘everything is related to everything else,
but near things are more related to each other’ (Tobler, 1970). Incorrect results result
from disregarding the spatial influence of key variables if they are spatially correlated
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(Anselin, 1988). Therefore, the impact of space has been highlighted in several studies
on urbanization and poverty reduction. Ravallion et al. (2007) found that urbaniza-
tion has a positive effect on reducing absolute poverty but noted regional differences
in the effect of poverty reduction. Cali and Menon (2013) found that urbanization
has a positive spillover effect on rural poverty, including consumer linkages, rural-
urban remittances, non-farming employment, and changing the rural land/labor ratio.
Arouri et al. (2017) investigated the link between urbanization and poverty in
Vietnam. They found that urbanization had increased the income and spending of
poor rural households and given them better access to public infrastructure like run-
ning water, healthcare, and electricity.

The majority of studies on the effects of urbanization on poverty reduction have
utilized independent and homogeneous individuals as research units and have
assumed that there is no spatial autocorrelation between the interfering items.
However, poverty is multidimensional and impacted by a variety of factors, and its
emergence often transcends regional boundaries. Simultaneously, spatial auto-correc-
tion also appears during urbanization (Nordhaus, 2006; Liu & Liu, 2019), implying
that urbanization influences poverty reduction in surrounding regions and impacts
rural poverty reduction in the given region. This is referred to as the spatial spillover
effect. Because of this, we use provincial panel data on China, Moran’s I, and the
SDM to explore the spatial characteristics and spatial spillover effects of urbanization
on poverty reduction along different dimensions.

Source: Self drawn by the author.

3. Methods and data

3.1. Methods

3.1.1. Spatial autocorrelation
Spatial correlation is used to determine whether neighborhood regions variables with
similar values. To verify the spatial characteristics of the rate of urbanization, eco-
nomic poverty, educational poverty, health poverty, and living poverty among the
provinces considered to determine whether there is a correlation among them, we use
the global Moran’s I. Global autocorrelation estimates the statistical significance of a
given index by calculating the values of I, Z, and P in Moran’s index. The range of
values of I is �1� 1: The higher the absolute value is, the greater the spatial correl-
ation is (Moran, 1950). The formula for it is as follows:

I ¼
Pn

i¼1

Pn
j 6¼iwij Xi � xð Þ Xj � xð Þ
S2

Pn
i

Pn
j 6¼iwij

(1)

In this formula, wi, j is the weighted matrix that represents the spatial weights of I
and j, zi is the sample value at i, n is the observed value, and S2 is the sum of spatial
weights.

The significance of the spatial autocorrelation of the global Moran’s I can be tested
by using the normalized statistic Z(I):
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Z Ið Þ ¼ ðI � EðIÞÞffiffiffiffiffiffiffiffiffiffiffiffiffiffi
VarðIÞp (2)

E Ið Þ is the theoretically expected value of Moran’s I and Var(I) is its theoretical
variance.

3.1.2. The spatial panel model
The spatial panel model was proposed by Anselin et al. (1997). It was developed fur-
ther by researchers including Baltagi and Li (2000). The general model for spatial
measurements is as follows:

Yit ¼ C þ q
P

wijYit þ Xitbþ d
P

wijXit þ k
P

wijlij þ li þ ht þ eit (3)

In this formula, i represents different provinces, t represents time in years, Yit rep-
resents the variable representing the level of rural poverty, C is a constant, q

P
wijYit

represents the spatial lag term of the explanatory variable, q represents the coefficient
of the lag term, Xit represents the explanatory variable, d

P
wijXit represents the spa-

tial lag of the explanatory variable, d represents the coefficient of spatial lag, wij rep-
resents a spatial weight matrix, k

P
wjlij represents the spatial lag in disturbance, k

represents the coefficient of the lag in disturbance, li represents the regional fixed
effect, and ht represents the fixed effect of time. eit�(0, r2).

The spatial Durbin model (SDM) is obtained when k¼ 0. When k¼ 0 and d¼ 0, a
spatial lag model (SLM) is obtained. This is mainly used to investigate the spatial
interaction among explanatory variables in areas adjacent to a given area. When
q¼0 and d¼ 0, the spatial error model (SEM) is obtained. It reflects the spatial cor-
relation between neighboring regions through an error perturbation term. Because
the SDM combines the characteristics of the spatial autoregressive model (SAM) and
the spatial error model (SEM), it not only makes the treatment of spatial heterogen-
eity and uncertainty more effective but also reflects the spatial spillover effect of the
explanatory variables (Elhorst, 2014). We use the SDM as an empirical model because
of how well it works with spatial data.

3.1.3. Decomposition of spatial effect
According to Lesage and Pace (2009), it is inaccurate to measure the influence of the
explanatory variables (on the explained variables) only by using the estimation coeffi-
cient of the former due to the effects of spatial spillover effect and time following the
introduction of the dynamic spatial panel model to the lag term. It is necessary to
decompose impacts into direct and indirect effects. This can be done by partial differ-
ential decomposition. Its main steps are shown in (Liu & Liu, 2019; Liu et al., 2019).

3.1.4. Setting spatial weights
Before spatial econometric analysis, it is necessary to design a spatial weight matrix
to define the adjacency of spatial objects. The design of the spatial weight matrix is a
vital and challenging task in spatial economics. The 0-1 adjacency weight matrix con-
structed by Moran (1948) reflects the spatial correlation between regions. If there is a
common boundary between regions, its value is one and is otherwise zero, and the
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diagonal elements of the matrix are all zero. However, the weight matrix cannot
reflect the economic and social relations among provinces. In this paper, we construct
a weight matrix of economic distances and a nested matrix for each province accord-
ing to work by Hao et al. (2021) and Xue et al. (2021). The nested spatial weight
matrix is obtained by multiplying the adjacency matrix with the weight matrix for
economic distance. The nested matrix can reflect the spatial characteristics of neigh-
boring provinces as well as the degree of economic interdependence among provin-
ces. The matrix wij is derived as shown in Table 1 and is standardized.

3.2. Description of variables and data sources

3.2.1. Variables
The variables used in this paper can be divided into three parts: explained variables,
core explanatory variables, and control variables.

(1) The explained variables
The UNDP has proposed a global system of indices to assess poverty that includes

three dimensions: health, education, and living standard (Alkire & Foster, 2011).
Combined with the general goal of ‘Two Guarantee, Three Ensuring’ put forward in the
Outline of China’s Rural Poverty Alleviation and Development 2011–2020, which
describes poverty in China’s poor areas in light of the relevant data (Zhang et al., 2020),
this study chose the four dimensions of the poverty of economy, education, health, and
living (Table 2). Economic poverty can be represented by the per capita disposable
income of rural residents (X1), per capita expenditure on consumption (X2), and the
rural Engel’s coefficient (X3), which is a negative indicator (Dong et al., 2021; Liu et al.,
2021; Zhu et al., 2019). Dong et al. (2021), Yao et al. (2021), and WanG et al. (2020)
have claimed that educational poverty can be represented by three indicators: the illiter-
acy rate (X4), expenditure on education (X5), and the cultural quality of the labor force
(X6). We use these indicators as well. Of them, the illiteracy rate is a negative indicator.
Health poverty reflects the state of medical and health-related conditions of the people.

Table 1. Description of the weight matrix.
Spatial
Weight Matrix Meaning Formula Explanation

Adjacency Weight
Matrix W1

The provinces are
geographically nearby
to each other

w1 ¼
�
0
1

‘0’ represents that region i
is not nearby to region
j, and ‘1’ means that i
is nearby to j

Economic Distance Weight
Matrix W2

The economic gap
between the provinces

w2 ¼ 1
jPi�Pj j� 1

dij
Pi and Pj represent the

average real GDP per
capita of provinces i
and j over the sample
period, and dij is the
geographical straight-
line distance to each
provincial capital

Nested Weight Matrix W3 The geographical
proximity and economic
gap between the
provinces

w3 ¼ w�
1w2 The product of the

adjacency matrix and
the economic matrix

Source: Compiled by the author.
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Following Dong et al. (2021), Gao and Sun (2020), Liu et al. (2019), Chen et al. (2017),
and He et al. (2019), we use the number of beds per 1,000 people in medical and health
institutions (X7), per capita expenditure on public health (X8), the total social depend-
ency ratio (X9), and the minimum living standard (X10) to represent health poverty.
All these indicators are positive. Living in poverty reflects the quality of life. We com-
bine the poverty reduction indices proposed by Liu et al. (2021), Ambel et al. (2020),
and WanG et al. (2020) with the situation in rural China to use the rural per capita elec-
tricity consumption (X11), motorcycle ownership per 100 households (X12), rural resi-
dential investment (X13), the proportion of farmers using tap water (X14), toilet
penetration rate (X15), and the comprehensive population coverage of rural radio pro-
grams (X16) to measure living poverty.

The entropy method is an objective method of assignment used to determine
weights by comparing the correlation coefficients or the different degrees of the given
indices. It can reduce the subjective influence in determining the weight. The rate of
change in the sample data is reflected by calculating the informational entropy, and
the consequences are determined according to each index’s degree of order of infor-
mation. This is used to calculate a total score. The steps of calculation are as follows:

‹ Standardize the data:

Positive indices : x
0
ij ¼

xij �min x1j, x2j, . . . , xnjð Þ
max x1j, x2j, . . . , xnjð Þ �minðx1j , x2j, . . . , xnj

�
2
4

3
5 (4)

Negative indices : x
0
ij ¼

max x1j, x2j, . . . , xnjð Þ � xij

max x1j , x2j, . . . , xnjð Þ �minðx1j, x2j, . . . , xnj
�

2
4

3
5 (5)

where Xij is the initial value and X’ij is the standardized value.
x
0
ij is the value of index j of the given province in the above formula. For conveni-

ence, it is still recorded as x
0
ij¼xij

Table 2. System of indices to assess multidimensional poverty alleviation.
Dimension Indices Attribute Weight

Economy Per capita disposable income of rural residents （X1） þ 0.204
Per capita expenditure on consumption （X2） þ 0.039
Rural Engel’s coefficient （X3） – 0.014

Education Illiteracy rate （X4） – 0.007
Educational expenditure （X5） þ 0.045
Cultural quality of labor force （X6） þ 0.252

Health Number of beds per 1000 people in medical and health institutions （X7） þ 0.012
Per capita public health expenditure （X8） þ 0.061
Total social dependency ratio （X9） þ 0.015
Minimum living standard （X10） þ 0.017

Living Rural per capita electricity consumption （X11） þ 0.237
Motorcycle ownership per 100 households （X12） þ 0.048
Rural residential investment （X13） – 0.008
The proportion of households using tap water （X14） þ 0.016
Toilet penetration rate （X15） þ 0.017
The comprehensive population coverage rate of rural radio programs （X16） þ 0.008

Source: Authors Calculation.
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› Calculate the proportion of province i in index j:

pij ¼
xij

Rn
i¼1xij

i ¼ 1, 2, � � � , n; j ¼ 1, 2, � � � ,mÞ�
(6)

fi Calculate the entropy of index j:

ej ¼ �kRn
i¼1pijln pijð Þ, k > 0, k ¼ 1

1n nð Þ , ej � 0 (7)

fl Calculate the difference coefficient of index j (Liu et al., 2021):

gj ¼ 1� ei
m� Ee

, Ee ¼ Rm
j¼1ei, 0 � gj � 1, Rm

j¼1gi ¼ 1 (8)

� Calculate the weight:

wi ¼ gi
Rm
j¼1gi

1 � j � mð Þ (9)

– Calculate the total score:

sj ¼ Rm
j¼1wj�pij ði ¼ 1, 2, � � � , nÞ (10)

(2) The core variable.
The core explanatory variable used in this paper is the level of urbanization

(Urban), which is measured by the ratio of the urban population to the total popula-
tion of each region, that is, the rate of urbanization (Zhou et al., 2020). The rate of
urbanization of the population can reflect the aggregation of labor-related factors that
impact the economic, educational, health, and living-related aspects of everyday life.
Therefore, the index of population flow can appropriately reflect the level of
urbanization.

(3) The control variables.
Based on previous research, we also control other variables (included in the set X

of variables in the model) that may affect rural poverty (Table 3). These variables
include the following: Economic development (d1) is measured by the per capita
GDP of each province. The industrial structure (d2) is expressed by the ratio of the
value added by the tertiary industry to the GDP. The level of infrastructure (d3) is
measured by the investment in rural fixed assets per capita. The income gap between
urban and rural areas (d4) is calculated by the ratio of the per capita income of urban
and rural residents. The level of rural marketization (d5) is expressed by the rural
retail sales of per capita social consumer goods. The level of rural technology (d6) is
measured by the total power of agricultural machinery of a unit output value for
farming, forestry, animal husbandry, side-line production, and fishery. The degree of
government interference (d7) is measured by the ratio of the total fiscal expenditure
to all agricultural-related expenditures. The level of cultural undertakings (d8) is
expressed by the per capita cultural career funds.
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3.2.2. Data sources and statistical description
The sample data in this paper covered 30 provinces (municipalities and autonomous
regions) in China. Due to their lack of data, Tibet, Hong Kong, Macao, and Taiwan
were not considered. The data on each province in the sample data were taken from
the China Environmental Statistical Yearbook (2010–2020), China Rural Statistical
Yearbook (2010–2020), China Rural Poverty Monitoring Report (2010–2020), China
Population and Employment Statistical Yearbook, and China Statistical Yearbook
(2010–2020). These data were combined to obtain panel data on 30 provinces in
China from 2009 to 2019, a total of 330 observational samples were collected. The
definitions and descriptive statistics of each variable are shown in Table 4.

4. Empirical results

4.1. Spatial auto-correlation test

According to Table 5, the rate of urbanization and the dimensions of poverty reduc-
tion of Moran’s I in all provinces of China were primarily positive from 2009 to

Table 3. The meanings and descriptions of the variables.
Dimension Indices Indicator description Source

Explained variables Economic poverty
(Econ)

Economic dimension score
in entropy method

Calculated from Table 2

Educational poverty
(Edu)

Educational dimension
score in entropy method

Health poverty (He) Health dimension score in
entropy method

Living poverty (Li) Living dimension score in
entropy method

Core explanatory
variables

Urbanization level
(Urban)

The ratio of the urban
population to the total
population of each
province

(Ekeocha, 2021; Huo et al.,
2021)

Control variables Economic development
level (d1)

Per capita GDP of each
province

(Jiang et al., 2020; Li et al.,
2020; Liu et al., 2021;
Zhang et al., 2020)Industrial structure (d2) The ratio of the added

value of the tertiary
industry to the GDP

Infrastructure level (d3) Rural per capita investment
in fixed assets

Urban-rural income
gap (d4)

Per capita income ratio of
urban and rural residents

The level of rural
marketization (d5)

Rural per capita retail sales
of social consumer
goods

Rural technology
level (d6)

Total power of agricultural
machinery per unit
output value of
agriculture, forestry,
animal husbandry, and
side-line fishery

Degree of fiscal
intervention (d7)

The ratio of fiscal
expenditure related to
agriculture to total fiscal
expenditure

Level of cultural
undertakings (d8)

Per capita funds for cultural
undertakings

Source: Compiled by the author.
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2019. They all passed the significance test and had Z values higher than the critical
value of 1.96, which indicates a significant spatial agglomeration effect between
urbanization and multidimensional poverty reduction in all provinces of China
(Cheng et al., 2014). Moran’s I for urbanization was above 0.3 and was significant at
the 1% level; its Z value was above 3.8 and was stable in the study period.

According to the results, Moran’s I index of economic poverty was the highest; its
value gradually increased and then decreased over time, showing an inverted ‘U-
shaped’ trend. This indicates that economic poverty in China increased spatially clus-
tering from 2009 to 2014 but subsequently halted. Moran’s I for educational poverty
showed a fluctuating upward trend that passed the significance test at 1%. Moran’s I
for living poverty showed a rising trend and passed the significance test at least above
10%, indicating a trend of strengthening spatial agglomeration. China has introduced
a series of anti-poverty measures that include breaking geographical boundaries and
speeding up the cross-regional flow of population and resources to boost the agglom-
eration effect of poverty reduction. Moran’s I for health poverty passed the 1% sig-
nificant test in 2010–2017, indicating the existence of a spatial agglomeration effect.
Moran’s I changed from positive to negative from 2018 to 2019, and its absolute
value increased yearly. This demonstrates that health poverty has significantly reduced
in the country.

4.2. Estimating spatial panel regression model

4.2.1. Checking the model and identification
We incorporated the tests proposed by Elhorst (2014) and Anselin et al. (1996) to
select the specific form of the spatial panel metrology model (Table 6). First, four
Lagrange multiplier (LM) based diagnostics tests (including LM lag, robust LM spatial
lag, LM error, and robust LM error) were used to determine whether to apply the
SLM or the SEM. According to the P-value of the LM test, the original hypothesis—
that there was no spatial lag or spatial error—was rejected. As a result, the spatial
metrology model was chosen. Second, a Hausman test was used to determine whether
the selection effects were fixed or random. The findings demonstrate that the original
hypothesis was rejected at a 1% significance level, and the fixed-effects model was

Table 4. Descriptive statistics.
Dimension Variable Obs. Mean Median Maximum Minimum Std. Dev.

Explained variables Econ 330 0.093 0.070 6.143 0.004 0.337
Edu 330 0.038 0.021 0.270 0.003 0.056
He 330 0.044 0.041 0.089 0.016 0.016
Li 330 0.062 0.058 0.290 0.014 0.037

Core explanatory variables Urban 330 56.414 54.610 89.600 29.890 12.764
Control variables d1 330 5.051 4.342 16.422 1.031 2.645

d2 330 41.280 42.994 85.836 9.120 10.112
d3 330 2416.648 1799.078 21549.550 83.665 2809.105
d4 330 2.731 2.625 4.280 1.850 0.484
d5 330 6154.081 4883.399 24912.250 961.310 4537.786
d6 330 1.068 0.994 2.922 0.265 0.523
d7 330 11.350 11.518 18.966 3.594 3.160
d8 330 57.094 43.665 293.220 9.600 45.290

Source: Authors Calculation.

12 Z. WANG ET AL.



Ta
bl
e
5.

M
or
an
’s
If
or

ur
ba
ni
za
tio

n
an
d
po

ve
rt
y
in

Ch
in
a.

Ye
ar

U
rb
an
iz
at
io
n

Z
va
lu
e

Ec
on

om
ic

Po
ve
rt
y

Z
va
lu
e

Ed
uc
at
io
na
l

Po
ve
rt
y

Z
va
lu
e

H
ea
lth

po
ve
rt
y

Z
va
lu
e

Li
vi
ng

Po
ve
rt
y

Z
va
lu
e

20
09

0.
35
2�
��

(0
.0
94
)

4.
10
1

0.
50
1�
��

(0
.0
94
)

5.
68
5

0.
22
3�
��

(0
.0
93
)

2.
78
3

0.
14
7
(0
.0
94
)

1.
19
7

0.
16
1�
� (

0.
07
9)

2.
45
9

20
10

0.
38
4�
��

(0
.1
07
)

3.
93
8

0.
49
6�
��

(0
.0
94
)

5.
62
7

0.
23
9�
��

(0
.0
92
)

2.
96
7

0.
38
1�
��

(0
.0
95
)

4.
36
7

0.
15
4�
� (

0.
08
0)

2.
37
1

20
11

0.
33
9�
��

(0
.0
95
)

3.
89

0.
50
5�
��

(0
.0
94

5.
71
1

0.
21
2�
��

(0
.0
92
)

2.
68
4

0.
37
3�
��

(0
.0
95
)

4.
28
4

0.
14
3�
� (

0.
08
2)

2.
16
0

20
12

0.
33
4�
��

(0
.0
95
)

3.
82
8

0.
50
9�
��

(0
.0
95
)

5.
74
7

0.
21
4�
��

(0
.0
86
)

2.
79
3

0.
34
4�
��

(0
.0
95
)

3.
91
1

0.
11
9�

(0
.0
82
)

1.
87
8

20
13

0.
32
8�
��

(0
.0
95
)

3.
80
9

0.
51
1�
��

(0
.0
95
)

5.
76
3

0.
39
7�
��

(0
.0
93
)

4.
61
8

0.
29
8�
��

(0
.0
95
)

3.
50
1

0.
11
7�

(0
.0
83
)

1.
81
3

20
14

0.
32
6�
��

(0
.0
95
)

3.
80
3

0.
51
1�
��

(0
.0
93
)

5.
76
4

0.
25
7�
��

(0
.0
90
)

3.
22
6

0.
26
9�
��

(0
.0
94
)

3.
22
3

0.
11
3�

(0
.0
82
)

1.
79
4

20
15

0.
32
5�
��

(0
.0
95
)

3.
88
1

0.
50
9�
��

(0
.0
95
)

5.
73
8

0.
24
3�
��

(0
.0
88
)

3.
14
0

0.
25
1�
��

(0
.0
94
)

3.
03
4

0.
25
0�
��

(0
.0
85
)

3.
34
7

20
16

0.
33
3�
��

(0
.0
95
)

3.
90
3

0.
49
3�
��

(0
.0
94
)

5.
54
9

0.
26
3�
��

(0
.0
92
)

3.
24
5

0.
20
9�
��

(0
.0
94
)

2.
58
5

0.
24
3�
��

(0
.0
95
)

2.
93
6

20
17

0.
33
5�
��

(0
.0
95
)

3.
88
3

0.
48
6�
��

(0
.0
93
)

5.
48
0

0.
30
1�
��

(0
.0
93
)

3.
59
4

0.
19
4�
��

(0
.0
94
)

2.
44
4

0.
25
6�
��

(0
.0
95
)

3.
05
7

20
18

0.
33
3�
��

(0
.0
95
)

3.
84
9

0.
46
8�
��

(0
.0
69
)

5.
15
1

0.
26
8�
��

(0
.0
84
)

3.
59
1

�0
.0
90

(0
.0
97
)

�0
.5
72

0.
28
7�
��

(0
.0
95
)

3.
38
5

20
19

0.
33
3�
��

(0
.0
95
)

3.
86
3

0.
46
2�
��

(0
.0
95
)

5.
24
4

0.
36
7�
��

(0
.0
91
)

4.
41
5

�0
.1
25

(0
.0
97
)

�0
.9
39

0.
31
6�
��

(0
.0
95
)

3.
68
4

N
ot
e：

St
an
da
rd

er
ro
rs

in
pa
re
nt
he
se
s;
� p

<
0.
1,

��
p
<
0.
05
,�

��
p
<
0.
00
1.

So
ur
ce
:A

ut
ho

rs
Ca
lc
ul
at
io
n.

ECONOMIC RESEARCH-EKONOMSKA ISTRAŽIVANJA 13



chosen. Finally, the SDM was constructed, and the Wald and LR statistics were calcu-
lated to verify whether it could be simplified to the SLM or the SEM. The results all
passed the significance test, and the original hypothesis was thus rejected. The SDM
could not be reduced to the SLM or the SEM, and it was necessary to use it to fit the
sample data. In addition, each model could be controlled according to space-fixed
effects, time-fixed effects, and double-fixed effects. The space-fixed effect was chosen
as the best model by comparing the models in terms of the goodness-of-fit, R2.

4.2.2. Analysis of results of spatial panel regression
By using the SDM, the following empirical results were obtained (Table 7):

(1) With accelerating urbanization, the rural labor force has continually transferred
to cities and towns, which has helped reduce the poor rural population. The labor
force engaged in cities receives wages in addition to farming revenue. Furthermore,
urbanization has provided a large market for rural economic development and
increased rural consumption. The spatial coefficient q of economic poverty was larger
than zero and passed the 1% significance test. This demonstrates that economic pov-
erty had significant characteristics of positive spatial correlation, that is, economic
poverty reduction demonstrated regional agglomeration. The result is consistent with
Section 4.1 (spatial autocorrelation test). The regression and spatial lag coefficient of
urbanization were �1.225 and �5.085, respectively (less than zero), and they passed
the significance test. This also demonstrates that urbanization during the study period
alleviated economic poverty in the given province and had positive spatial spillover
effects on economic poverty in other provinces. Simultaneously, the absolute values
of the regression coefficient and the spatial lag coefficient of urbanization were higher
than those of the other three aspects when it came to reducing economic poverty.
This shows that urbanization had the biggest effect on reducing economic poverty.

Among the control variables, the industrial structure, rural technological progress,
and government involvement significantly contributed to economic poverty reduction.
This is because these variables promoted the development of the tertiary sector of the
economy, especially the service industry, which in turn increased employment among
the rural labor force. A large amount of local government expenditure has been dedi-
cated to rural infrastructure projects, reducing economic poverty among rural resi-
dents (Abbasi et al., 2021). At the same time, only the industrial structure passed the

Table 6. Results of tests of the spatial metrology model.

Spatial Metrology Model Test

Statistics

Economic
poverty

Educational
poverty

Health
poverty

Living
poverty

LM test LM_Spatial error 300.648��� 1928.02��� 1069.404 ��� 205.045 ���
Robust LM_Spatial error 258.291��� 1835.92��� 1041.436 ��� 178.169 ���
LM_Spatial lag 65.981��� 92.1179��� 32.387 ��� 74.661 ���
Robust LM_Spatial lag 23.624��� 11.204� 4.419 �� 47.785 ���

Hausman test 160.26��� 22.62��� 81.50��� 45.51���
LR test LR Test for SLM 16.38� 33.38��� 24.05��� 33.85���

LR Test for SEM 32.61��� 16.07� 38.85��� 58.22���
WALD test Wald Test for SLM 15.54� 34.72��� 24.09��� 33.86���

Wald Test for SEM 23.96��� 16.18� 37.68��� 39.81���
Note： �p< 0.1, ��p< 0.05, ���p< 0.001.
Source: Authors Calculation.
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significance test, which shows that it had direct and spatial spillover benefits for
reducing economic poverty.

（2）Urbanization and educational development had interactive effects and pro-
moted and supported each other. Urbanization has fueled and supported improved
education, while higher education has expedited urbanization by supplying talent and
labor. Poverty reduction in education exhibited an apparent positive spatial correl-
ation and spatial agglomeration. The regression coefficient of urbanization was �
0.797 and passed the significance test at the level of 1%, indicating that urbanization
had mitigated local educational poverty. But the coefficient of urbanization for the
spatial lag in educational poverty was �0.150 and did not pass the significant test.
This means that it had no spatial spillover effect.

Table 7. Results of SDM for different dimensions of poverty.

Variable

Spatial Dubin Model（SDM）

Economic
Poverty

Educational
Poverty

Health
Poverty

Living
Poverty

Urbanization �1.225��
(0.5927)

�0.797���
(0.213)

�0.205
(0.165)

�0.678��
(-0.231)

d1 �0.0771
(0.300)

�0.399���
(0.108)

�0.178��
(0.0831)

�0.0709
(-0.117)

d2 �0.235���
(0.322)

�0.160�
(0.116)

�0.125
(0.0894)

0.146�
(-0.126)

d3 �0.0470
(0.0473)

0.0440
(0.0170)

�0.0370��
(0.0131)

�0.0415��
(-0.0184)

d4 0.433
(0.451)

�0.0763
(0.160)

0.0670
(0.124)

�0.548��
(-0.175)

d5 0.0240
(0.106)

�0.0390
(0.0381)

0.0370
(0.0294)

0.107��
(-0.0413)

d6 0.301��
(0.115)

�0.0287
(0.0413)

�0.0677��
(0.0318)

�0.0750�
(-0.0447)

d7 �0.459��
(0.174)

�0.0362��
(0.0627)

�0.107��
(0.0484)

�0.389���
(-0.0679)

d8 0.0740
(0.137)

0.0566
(0.0492)

0.0129
(0.0379)

0.0520
(-0.0533)

W� Urbanization �5.085��
(1.916)

�0.150
(0.640)

�0.185
(0.492)

�2.697���
(-0.715)

W�d1 1.094��
(0.558)

0.876���
(0.205)

0.403��
(0.157)

0.733��
(-0.231)

W�d2 1.253�
(0.814)

0.251��
(0.293)

0.312
(0.225)

�0.203�
(-0.316)

W�d3 0.110
(0.0959)

�0.0332
(0.0347)

0.0330
(0.0266)

0.0543
(-0.0375)

W�d4 �0.869
(0.949)

0.344
(0.320)

�0.241�
(0.248)

0.565
(-0.348)

W�d5 �0.532�
(0.310)

0.0997
(0.108)

0.0877
(0.0899)

�0.285��
(-0.121)

W�d6 �0.0264
(0.331)

0.270
(0.120)

�0.111
(0.0926)

0.0531
(-0.129)

W�d7 0.480
(0.745)

0.166
(0.268)

�0.0748
(0.206)

0.613��
(-0.289)

W�d8 0.319
(0.395)

�0.146
(0.143)

�0.433���
(0.109)

0.183
(-0.155)

q 0.564���
(0.0900)

0.971���
(0.00631)

0.940���
(0.0149)

0.774���
(-0.0509)

Log-likelihood 108.325 262.8894 357.839 264.8822
Simple N 330 330 330 330
R2 0.7981 0.8241 0.7696 0.809

Note：Standard errors in parentheses; �p< 0.1, ��p< 0.05, ���p< 0.001.
Source: Authors Calculation.
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The regression coefficients of economic development, industrial structure, and gov-
ernment intervention were all negative and passed the significance test. Education is
a public good because economic development and financial expenditure improve local
education. Economic development and industrial structure’s spatial lag coefficients
passed the significance test, which shows that both, for a particular province, could
have a restraining effect on educational poverty in neighboring provinces. This might
have occurred due to the transfer of the rural labor force to economically developed
areas, resulting in a lack of local labor force and talent. Infrastructure may generally
reduce multidimensional poverty, but these findings were not statistically significant.
This could be because people are more likely to invest in projects that are better for
GDP growth than in rural public goods.

（3）The spatial coefficient of health poverty q was larger than zero and had signifi-
cant characteristics of spatial agglomeration. However, the regression results show that
urbanization did not directly or indirectly affect reducing health poverty in a given
province or neighboring provinces, possibly owing to the weak response of health pov-
erty to population mobility. Economic development, infrastructure, rural technology,
and government involvement were all important factors in reducing health poverty.
With the further development of urbanization, a large number of surplus laborers in
rural areas have moved to cities and towns, promoting the further development of the
urban economy, but a relatively small percentage of these people are engaged in indi-
vidual and private enterprise activities and have higher income, they can rely on high
income to obtain urban hukou and pursue a higher level of lifestyle, thus promoting the
development of urbanization, while those migrant workers with lower education and
skill levels and poorer are more often working in cities and hukou in rural areas.
Because of this, the difference in income between cities and rural areas is growing, so
the effect of the difference in income between cities and rural areas on reducing health
poverty was small.

The regression coefficients of economic development and government intervention
were �0.178 and-0.107, respectively, which shows that health poverty decreased by
0.178% and 0.107% with an increase in economic development and government inter-
vention. This was because improvements in these control factors reflected develop-
ments in rural public services, especially in access to medical services and social
security.

（4）Urbanization has increased the effectiveness of economic activity by aggre-
gating production-related elements and ensuring the best use of resources. Therefore,
urbanization has boosted farmers’ income, enhanced their standard of living, reduced
poverty by optimizing the income structure, and improved human capital, infrastruc-
ture, and social security. The results show a significant positive spatial correlation for
poverty reduction, which also exhibited spatial agglomeration. Urbanization had a
considerable beneficial impact on poverty reduction, as shown by the regression coef-
ficient of urbanization, which was �0.678 and passed the 5% significance level. The
spatial spillover effect of urbanization on living poverty passed the significant test.
This demonstrates that urbanization can reduce living poverty in local areas and
neighbouring areas. The majority of the control variables had adverse effects on pov-
erty reduction and passed the significance test. Economic development, industrial
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structure, marketization, and government intervention also had significant spatial
spillover effects because urbanization promotes the concentration of population to cit-
ies and changes the distributions of income and expenditure of residents through
employment. At the same time, economic development, industrial structure, and gov-
ernment involvement improved production-related and living facilities in local and
neighboring areas, ensured the supply of necessities for the poor, and improved resi-
dents’ living standards.

4.2.3. Analysis of direct effects and spatial spillover effects
Compared with the SEM and the SLM, the SDM adds a spatial lag term to expand
the correlation structure between the observed values. Its empirical results can explain
the direct and indirect effects of the independent and controlled variables, where dir-
ect effects refer to the impact of urbanization on poverty in a given province, and
indirect effects refer to its spatial spillover effect on poverty in neighboring provinces.
The direct, indirect, and total effects of urbanization on poverty in each dimension
were obtained by using the SDM, as shown in Table 8. They demonstrate that urban-
ization had direct and indirect effects on reducing economic and living poverty. It
had a direct effect on reducing education poverty, but its indirect effect was not sig-
nificant, whereas neither its direct nor indirect effects were significant in reducing
health poverty. Despite the fact that the spatial lag for health poverty was not signifi-
cant but was negative, its direction remained consistent. The direct effect of urbaniza-
tion on poverty alleviation was �2.098, meaning that for every 1% increase in
urbanization, the poverty of the local economy was reduced by 2.098%. Because the
former contained a ‘feedback effect’ wherein changes in local explanatory variables
influenced those in local values by affecting changes in the corresponding regional
values, the direct effect’s absolute value (-2.098) was bigger than the regression coeffi-
cient’s (-1.225) (WanG et al., 2020).

The value of the indirect effect of urbanization on economic poverty alleviation
was �12.463, meaning that for every 1% increase in urbanization in a given province,
the total economic poverty alleviation in other provinces was-12.463%. Similar to
this, for every 1% increase in urbanization, local poverty was reduced by 1.433%, and
poverty in other provinces was reduced by �15.663% in total. In general, poverty
reduction had a spatial correlation effect among provinces. Urbanization aided in the
reduction of local living poverty, the development of surrounding areas, and the
reduction of inter-regional poverty.

Table 8. Direct, indirect, and total effects of urbanization on different dimensions of poverty.
Dimension Direct Effect Indirect Effect Total Effect

Economy �2.098���
(0.575)

�12.463���
(3.976)

�14.561���
(4.095)

Education �1.955���
(0.757)

�11.468
(1.014)

�13.423
(2.729)

Health �0.438
(0.309)

�5.993
(7.634)

�6.432
(7.898)

Living �1.433 ���
(0.274)

�14.231���
(4.582)

�15.663���
(4.742)

Note：Standard errors in parentheses; �p< 0.1, ��p< 0.05, ���p< 0.001.
Source: Authors Calculation.
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4.2.4. Analysis on a sub-regional basis
As there are significant differences in economic and social development among the
provinces in China, we used the China Statistical Yearbook to divide the provinces
into eastern, central, and western regions to examine the spatial heterogeneity of the
effects of urbanization on multidimensional poverty reduction. The eastern provinces
included Beijing, Tianjin, Hebei, Liaoning, Shanghai, Jiangsu, Zhejiang, Fujian,
Shandong, Guangdong, and Hainan. The central provinces included Jilin,
Heilongjiang, Shanxi, Jiangxi, Anhui, Henan, Hunan, and Hubei. The western provin-
ces included Inner Mongolia, Guangxi, Shaanxi, Gansu, Sichuan, Chongqing,
Guizhou, Yunnan, Qinghai, Ningxia, and Xinjiang. As the spatial spillover effect of
urbanization on reducing education and health poverty in various provinces and
regions was not prominent, it is not discussed here.

Table 9 presents the outcomes. The spatial coefficients q of economic poverty in
the eastern, central, and western regions were all more than zero and passed the sig-
nificant test. Therefore, there was a significant positive spatial correlation between the
reduction of economic poverty in these three areas. The coefficients of regression and
spatial lag of urbanization in these regions were all less than zero, but the eastern
region failed the significance test. This may be owing to the higher level of urbaniza-
tion in this region as a whole and the lower marginal effect of poverty reduction due
to urbanization. In the central and western regions, urbanization had a significant
positive effect on poverty reduction, indicating that urbanization in underdeveloped
areas is more conducive to reducing economic poverty. In terms of the absolute val-
ues of the coefficients of regression and spatial lag, the eastern, central, and western
provinces show a trend of gradual decrease. This indicates that the spatial spillover
effect of urbanization on economic poverty reduction decreased gradually. Possible
reasons for this are as follows: First, comprehensive urbanization in the eastern
regions was more substantial than that in the central and the western regions.
Second, compared with the central and the western regions, the eastern region has
more labor talent, higher degrees of information, better infrastructure, and greater
economic cooperation with other areas. Third, despite the rapid urbanization in the
central and western regions in recent years, many negative effects of it, such as the
brain drain and rural dilapidation, might have been more intense in underdeveloped
regions (Ge et al., 2018, 2020; Xie, 2020).

Values of the spatial coefficient q of poverty in the eastern, central, and western
regions were all more than zero and passed the significance test. This verifies that
poverty had a significant positive spatial correlation and spatial agglomeration. The
eastern region had a positive regression coefficient, whereas the central and western
regions were negative, suggesting that the middle and western regions’ urbanization
had a greater impact on poverty reduction. The western region had the highest abso-
lute value of the coefficient, meaning that for every 1% increase in urbanization, local
living poverty was reduced by 1.418%. This also shows that the more economically
underdeveloped an area was, the greater the extent to which urbanization could
reduce poverty in it. The 14 contiguous regions of extreme poverty in China are con-
centrated in the central and western regions. Urbanization can significantly improve
the infrastructure and service facilities for production and living in the poverty-
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stricken regions of the middle and the west and the quality of living of community
residents (Abbasi et al., 2021; Zhang et al., 2022). The rate of urbanization in the
eastern regions was higher than in the central and western regions. As the quality of
living of rural residents, ecological environment, and related infrastructure were
superior, the role of urbanization in reducing living was minor. Regarding the coeffi-
cient of spatial lag of urbanization, the eastern and western regions passed the signifi-
cance test for living poverty while the central regions failed it. In addition, the effect
of urbanization on poverty reduction in provinces neighboring a given one exhibited
the characteristics of the smallest in the central regions, middling in the eastern
regions, and the largest in the western regions.

Table 9. Examination of multidimensional poverty in different regions.

Variable

Spatial Dubin Model（SDM）

Economic Poverty Living Poverty

East Middle West East Middle West
Urbanization �0.300

(1.962)
�0.285�
(0.321)

�2.550���
(0.391)

0.851��
(0.354)

�0.632�
(0.332)

�1.418���
(0.348)

d1 1.021
(0.884)

�0.190
(0.188)

�0.671��
(0.213)

�0.195
(0.157)

�0.449��
(0.193)

0.332�
(0.188)

d2 �1.091
(0.905)

�0.479��
(0.185)

�0.825���
(0.184)

�0.159
(0.166)

�0.209
(0.205)

�0.210
(0.163)

d3 �0.135
(0.131)

�0.0393�
(0.0220)

0.0370
(0.0384)

�0.0140
(0.0235)

�0.200���
(0.0444)

�0.0133
(0.0338)

d4 �0.756
(1.868)

0.698��
(0.237)

0.814��
(0.276)

0.148
(0.341)

�0.858���
(0.205)

�0.838���
(0.244)

d5 0.391
(0.389)

�0.0944
(0.0880)

0.001
(0.0548)

�0.0900
(0.0700)

0.299���
(0.0882)

�0.0407
(0.0485)

d6 1.337��
(0.583)

0.183���
(0.0539)

0.208��
(0.0794)

�0.738���
(0.105)

�0.152���
(0.0363)

0.317���
(0.0706)

d7 �0.342
(0.529)

�0.315���
(0.0814)

�0.475���
(0.103)

�0.616���
(0.0960)

�0.00577
(0.108)

�0.218��
(0.0903)

d8 �0.685
(0.555)

0.166��
(0.0780)

0.266���
(0.0597)

0.0281
(0.100)

�0.0580
(0.0715)

0.121��
(0.0528)

W� Urbanization �3.573
(4.799)

�3.301��
(1.268)

�1.438�
(1.286)

�2.517��
(0.869)

�0.659
(1.043)

�2.657��
(1.242)

W�d1 �0.149
(2.041)

0.930���
(0.271)

0.865��
(0.299)

1.112��
(0.369)

0.681��
(0.245)

0.480
(0.327)

W�d2 3.862��
(1.617)

1.128��
(0.416)

2.242���
(0.519)

0.462
(0.292)

0.440
(0.350)

0.235
(0.452)

W�d3 0.0531
(0.185)

0.0582
(1.975)

0.0514
(0.0655)

�0.0192
(0.0347)

0.190���
(0.0568)

0.0884
(0.0578)

W�d4 3.049
(2.988)

�1.724���
(0.498)

�1.795���
(0.457)

0.515
(0.543)

0.694�
(0.420)

0.674�
(0.370)

W�d5 �0.279
(0.678)

�0.0346
(0.193)

�0.225�
(0.133)

0.105
(0.123)

�0.389��
(0.161)

0.0193
(0.114)

W�d6 �1.082
(1.342)

�0.585���
(0.138)

�0.705��
(0.243)

0.818���
(0.244)

0.0711
(0.0945)

�0.257
(0.215)

W�d7 0.377
(1.135)

1.471���
(0.370)

�0.0496
(0.276)

0.604��
(0.210)

�0.119
(0.281)

0.0147
(0.237)

W�d8 �1.498
(1.099)

�0.922���
(0.236)

�0.202
(0.187)

�0.622��
(0.195)

�0.00869
(0.227)

0.103
(0.170)

q 0.325���
(0.236)

0.644���
(0.0631)

0.679���
(0.0593)

0.552���
(0.0989)

0.756���
(0.0613)

0.726���
(0.351)

Log-likelihood 50.8765 119.764 132.1929 114.9785 126.8459 144.5959
Simple N 121 88 121 121 88 121
R2 0.7469 0.9767 0.9804 0.7958 0.8973 0.9261

Note：Standard errors in parentheses; �p< 0.1, ��p< 0.05, ���p< 0.001.
Source: Authors Calculation.
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4.2.5. Robustness test
All of the sample data were analyzed using the nested matrix. The economic distance
matrix was used to re-estimate the data to test the robustness of the results. After con-
ducting the Hausman, LR, LM, and Wald tests, the SDM was selected to estimate the
parameters. As shown in Table 10, the spatial coefficients q of the dimensions of econ-
omy, education, health, and living poverty were all positive and passed the significant
test. This verifies that there were substantial positive spatial correlations among the
dimensions of poverty and that they had a spatial agglomeration effect. The coefficient
of spatial lag of living poverty was �1.326 and passed the significance test at the level of
1%, indicates that urbanization mitigated the living poverty of any given province and
neighboring provinces. Whether it was the regression coefficient or lag, the total value
of the economic dimension of poverty was the largest in absolute terms, consistent with
the above conclusions. A comparison showed that the results based on the economic
distance matrix were consistent with those based on the nested matrix. This shows that
the conclusions of this study are strong and reliable.

5. Discussion and conclusions

5.1. Discussion

From a global perspective, the increasingly complex international situation and the
slowdown in global economic growth have cast a shadow on achievements in poverty
reduction with respect to the schedule outlined by the United Nations. Particularly,
the COVID-19 pandemic has hindered the economic growth of countries throughout
the globe. The risk of a global economic downturn has increased, and relatively poor
populations have started to slide into absolute poverty. According to a report released
by the World Bank, COVID-19 may cause 150 million people to fall into extreme
poverty. However, China has gone against the trend and achieved significant success
in poverty reduction. In 2020, the Chinese government announced that nearly 99 mil-
lion poor people in rural areas had been lifted out of extreme poverty under current
standards. In terms of economic poverty, rural residents’ per capita disposable income
in poor areas increased from $939.02 in 2013 to $1,944.46 in 2020. In the context of

Table 10. Results of regression of the SDM based on the economic distance matrix.

Variable

Spatial Dubin Model（SDM）

Economic
Poverty
Reduction

Educational
Poverty
Reduction

Health
Poverty
Reduction

Living
Poverty
Reduction

Urbanization �1.225��
(0.5923)

�0.797���
(0.2134)

�0.786���
(0.1703)

�0.253�
(0.291)

W� Urbanization �5.085
(1.916)

�0.150
(0.640)

�0.185
(0.492)

�1.326���
(-0.506)

q 0.564���
(0.090)

0.971���
(0.00631)

1.246���
(0.2917)

0.524���
(-0.0505)

Log-likelihood 238.575 262.8894 371.2473 239.2285
Simple N 330 330 330 330
R2 0.7981 0.7893 0. 821 0.805

Note：Standard errors in parentheses; �p< 0.1, ��p< 0.05, ���p< 0.001.
Source: Authors Calculation.
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education poverty, the opportunities for poor people to receive education have
increased significantly, and the rate of consolidation of nine-year compulsory educa-
tion was 94.8% in 2020. In the context of health poverty, the Chinese government
provides all poor people with basic medical insurance, insurance against serious ill-
nesses, and medical assistance systems. More than 99.9% of the poor participate in
basic medical insurance. To address living poverty, the tap water penetration rate in
impoverished areas increased from 70% in 2015 to 83% in 2020. Meanwhile, since
2013, nearly 25.7 million poor people have been living in safe housing. For more
information, the interested reader can refer to (Xinhua News, 2021).

The UN Secretary-General Antonio Guterres has claimed that China’s reduction of
poverty has made an essential contribution to a better and prosperous world, as
described in the 2030 Agenda for Sustainable Development (Xinhua Net, 2021). We
can draw lessons from this research to guide the future global poverty reduction goal.

First, we must promote the new urbanization strategy (Zhou et al., 2020). The
results demonstrated that urbanization helps alleviate multidimensional poverty and
has a spatial spillover effect in many areas. Urbanization is conducive to reducing
poverty in a given region and may also help reduce it in surrounding areas through
spatial spillover. Therefore, urbanization should continue to be encouraged among
the rural population. It raises farmers’ incomes and makes rural work more product-
ive, both of which are important for getting people out of poverty.

Second, we should pay attention to poverty alleviation along a single dimension.
China’s urbanization has had the strongest effect on alleviating economic poverty but
has had weaker influences on reducing health and educational poverty. This is a warning
that while promoting poverty alleviation, we tend to attend more to economic poverty
and ignore poverty in education, health, and other areas. Alleviation of poverty only
along a single dimension cannot be regarded as poverty alleviation in the real sense.

Third, urbanization seems to have a greater effect on reducing poverty in underdevel-
oped regions. In China’s central and western regions, new urbanization has reduced pov-
erty to a greater extent than in the developed regions of the east. This leads us to another
hypothesis: urbanization has a greater impact on reducing poverty in a region (country)
with a lower rate of urbanization. This claim needs to be verified in future research.

5.2. Conclusions

This study used panel data on 30 Chinese provinces from 2009 to 2019 to construct a
system of indices to assess multidimensional poverty consisting of the four dimensions
of economy, education, health, and living. Through the spatial autocorrelation test and
the SDM, we obtained the spatial distribution of poverty in each dimension as well as
the spatial spillover effect of urbanization on poverty reduction. In contrast to previous
research, we examined the spatial effect of urbanization on poverty reduction from a
multidimensional perspective of poverty. The main conclusions are as follows:

1. During the study period, Moran’s I index for China’s rate of urbanization was
positive. The results of significance tests reflected characteristics of spatial
agglomeration in China’s urbanization, which is consistent with the results
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reported by Li et al. (2018), Liu and Liu (2019), and Xing et al. (2021). Values of
Moran’s I for reductions in economic, educational, health-related, and living pov-
erty were mostly positive and passed the significant test. This demonstrates there
were spatial agglomeration characteristics in different dimensions of poverty
reduction. Moran’s I for economic poverty reduction was the highest in value. In
the SDM, the different dimensions of poverty showed significant positive spatial
correlations with spatial agglomeration.

2. The results of spatial econometrics with spatial lag revealed that urbanization had a
significant effect on poverty reduction in three dimensions—economic, educational,
and living—but its effect in reducing health poverty failed the significant test. At the
same time, urbanization had a spatial spillover effect on poverty reduction in the eco-
nomic and living dimensions. Values of its direct effects on economic and living pov-
erty were -2.098 and -1.433, and those of its indirect effects were -12.463 and -14.231,
respectively. The direct and spatial spillover effects of urbanization on health poverty
also failed the significant test, as did the direct spillover effect on educational poverty.

3. From the perspective of spatial heterogeneity, the spatial spillover effects of
urbanization on reducing economic and living poverty were significantly different
in the east, the middle, and the west. Urbanization was more effective at poverty
reduction in the economic and living dimensions in the middle and the west.

By studying the correlation and spatial spillover effects of urbanization on poverty
alleviation in the four dimensions of economy, education, health and life, this paper
has preliminarily explored the basic characteristics of multidimensional poverty
reduction by urbanization. However, there is still need for improvement in the rele-
vant mechanisms and theoretical analyses of urbanization and multidimensional pov-
erty measurement, as well as further research into the methods for classifying
multidimensional poverty. At the same time, because of the limitation of data acquisi-
tion and reserve, the sample data only involves the province and city levels. In the
future, with the continuous improvement of the statistical system of the county-level
data, the poor rural areas at the county level in China should be included in the
study further to test the generality of the conclusion of this study.
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