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Abstract: Recognizing the spatial effects of regional poverty is essential for achieving sustainable
poverty alleviation. This study investigates these spatial effects and their determinants across three
distinct administrative levels within Hubei Province, China. To analyze the spatial patterns and
heterogeneity of multi-scale regional poverty, we employed various spatial analysis techniques,
including the global and local Moran’s I statistics, the Lineman, Merenda, and Gold (LMG) method,
as well as Multiscale Geographically Weighted Regression (MGWR). We found that: (1) Regional
poverty exhibits significant spatial dependence across various scales, with a higher level of spatial
dependence observed at higher administrative levels. (2) The spatial distribution of poverty is primar-
ily influenced by geographical factors, encompassing first-, second-, and third-nature geographical
elements. Notably, first-nature geographical factors make substantial contributions, accounting for
36.99%, 42.23%, and 23.79% at the county, township, and village levels, respectively. (3) The influence
of geographical factors varies with scale. Global effects of various factors may transcend scales or
remain confined to specific scales, while the local impacts of different factors also exhibit variations
across scales. These results underscore the necessity for collaborative efforts among government
entities at different levels with the anti-poverty measures tailored to local contexts.

Keywords: regional poverty; spatial effects; spatial dependence; spatial heterogeneity; scale effects

1. Introduction

Poverty remains one of the most formidable global challenges of our era, with the
ambition to eradicate poverty in all its forms prominently enshrined within the Sustainable
Development Goals (SDGs) [1]. While significant strides have been made, as evidenced by
the reduction of global poverty incidence (the proportion of the impoverished population
to the total population in a region) under the USD 1.90 poverty line—from 36% in 1990 to
8.2% in 2019—attributed to robust economic development and targeted policy interventions
worldwide [2], the specter of the COVID-19 pandemic threatens to reverse these gains,
potentially thrusting millions back into poverty. The urgency of poverty alleviation remains
stark in many corners of the world [3,4].

China was once the developing country with the largest rural poor population in the
world, and attracted worldwide attention regarding the various types and complex causes
of poverty. To tackle this problem, China launched a list of well-designed rural-focused
poverty alleviation programs and achieved the goal of wiping out absolute poverty at the
end of 2020 [5,6]. However, relative poverty will continue to exist for a long time. China
now enters a multidimensional phase characterized by regional differences in health status,
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educational attainment, and access to public services. It remains unknown how to improve
the effectiveness of regional development as a necessary condition for sustainable poverty
reduction and preventing poverty return.

Poverty is complicated, multidimensional, dynamic, and often concentrated in space,
which is known as regional poverty [5,7]. Regional poverty has an implicit spatial effect in
its patterns and processes [8], encompassing spatial dependency, spatial heterogeneity, and
scale effects.

1.1. The Spatial Dependence of Regional Poverty

The first law of geography states that spatial events are influenced by neighboring
events and are more closely related to nearby events. The spatial dependence of regional
poverty is manifested in the fact that the distribution of poverty is often concentrated and
contiguous, meaning that the poverty incidence is high around areas with high poverty
incidence. At both global and national levels, nearly 60% of the world’s extreme poor in
2019 resided in Sub-Saharan Africa, while 81% of the global poor under the poverty line of
USD 3.65 lived in Sub-Saharan Africa or South Asia [9]. The spatial concentration of regional
poverty also exists within countries, from underdeveloped countries in Africa, to developing
countries such as China, to developed countries such as the United States [5,7,10–13].

LeSage pointed out that steady-state equilibrium with spatial dependence takes a
form consistent with the data generating process that is mainly influenced by the geo-
graphical environment effects and neighboring effects in a region. Geographical capital,
encompassing natural conditions, resource endowments, accessibility to markets, infras-
tructure development, and policies, plays a pivotal role. The lack of geographical capital
can affect the return on capital for households and increases the risk of falling into the
poverty trap, which is known as the spatial poverty trap [7,14–19]. Therefore, the spatial
dependence of geographical capital will, in most cases, determine the spatial dependence
of regional poverty [7,16,20]. The neighboring effects, or community effects, are based
on the memberships theory that an individual’s socioeconomic prospects are strongly
influenced by the groups to which he is attached over the course of his life [21,22]. Such
groups may be endogenous, including residential neighborhoods, schools, and firms, or
exogenous, including ethnicity and gender. These memberships can exert causal influences
on individual outcomes through a range of factors such as peer group effects, role model
effects, social learning, and social complementarities [21].

1.2. The Spatial Heterogeneity of Regional Poverty

Spatial heterogeneity describes the decentralization of regional poverty, or the inho-
mogeneity and complexity of its spatial distribution. Extensive research underscores the
distinct heterogeneity of regional poverty, as well as the geographic capitals influencing
it [7,17,18,23–25]. Across different countries, the nation-level determinants of poverty were
not aligned with those at the sub-national levels in Kenya and the Niger River Basin [17,26].
Poverty indices computed and mapped for 415 rural subdistricts in Bangladesh revealed
distinct high-poverty areas correlating with ecologically depressed regions [27]. The concen-
tration of poverty in rural areas is possibly driven by Bangkok’s high agglomeration force
and the fact that most economic activities are concentrated in Bangkok and its suburbs [4].
Global and local models developed for rural aggregated enumeration areas in Malawi
provided strong evidence of the spatial non-stationarity in the relationship between poverty
and its determinants [28]. In China, factors such as rural income, urbanization, education,
grain production, and irrigated land ratio had a significantly negative association with the
spatial distribution of poverty-stricken counties [29]. At the village level, factors like travel
time to market towns, woodland coverage, and winter crop coverage were significantly re-
lated to welfare in India [30], while slope, annual rainfall, population growth rate, distance
to town centers, and distance to ports were found to be significantly related to village-level
poverty incidence in the Philippines [31].
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1.3. The Scale Effects of Regional Poverty

Scale effect is a fundamental theme in geographical studies. Geographical variables
may exhibit scale-dependent and scale-independent variations in spatial, temporal, and
spatiotemporal dimensions. Understanding how observed patterns vary with the spatial
scale should not be absent in describing the spatial dependence and heterogeneity of rural
regional poverty. The occurrence of regional poverty is a multidimensional and multi-
scale process rooted in the regional differentiation of the “human–land relationship”, the
spatial patterns and driving mechanisms of regional poverty at different scales exhibit
significant correlations and differences. The focus of regional poverty reduction policies
for decision-makers also varies at different scales. Finding the most effective and optimal
poverty alleviation path requires the support of poverty research at the corresponding
spatial scale. However, the majority of the existing research operates within a single scale,
which cannot comprehensively and systematically reveal the mechanisms underlying the
formation of regional poverty.

In recent years, several studies have noticed the scale effect in regional poverty and
have tried to explore the spatial variation of it. Ward et al. argued that interactions be-
tween environmental, social, and institutional factors are complex, and a comprehensive
understanding of poverty and its causes requires analysis at multiple spatial scales [26].
Kim et al. identified crucial structural factors at state and village levels influencing the
spatial distribution of impoverished households in India [32]. Ma et al.’s research in the
Liupanshan area in China showed that there were significant differences in the spatial
dependence and patterns of poverty at the county, township, and village levels [33]. Wang
et al. examined the impact of geographic capital and associated spatial heterogeneity on
multi-level (county, township, and village) regional poverty, revealing varying factors influ-
encing regional poverty at different levels [34]. Wang et al. found significant background
and spatial effects in China’s poor villages, as well as the different action mechanisms of
observed poverty-causing factors at different levels. For example, the terrain type, per
capita cultivated land area, and labor force ratio were significant at the village level, while
the per capita income, vegetation coverage, and terrain relief were significant at the county
level [35]. The multilevel analysis of multidimensional child poverty in India showed
that the age and sex of the child, age and years of schooling of the mother, children ever
born, religion, caste, wealth quintile, and central, northeast, north and west regions are
significantly associated with child poverty [36].

Revealing the spatial pattern of regional poverty, properly understanding the multi-
level characteristics of rural poverty, identifying the relative importance of various ge-
ographical factors at different spatial scales, and quantitatively evaluating the role of
different influencing factors in poverty formation can assist governments in making ef-
ficient targeted policies. However, while the three most fundamental spatial effects of
regional poverty, namely spatial dependence, spatial heterogeneity, and scale effects have
been explored in isolation in prior research, there remains a critical gap in systematically
examining these spatial effects of regional poverty and their inherent linkages, particularly
concerning the scale effects in terms of the measure on the relative importance of different
factors influencing regional poverty and the associated multi-scale spatial heterogeneity.
The formation of regional poverty is constrained by multiple geographical factors, and
these factors are often correlated, with some even highly correlated. This makes it difficult
for traditional indicators of variable importance to accurately identify the real impact of
different geographical factors.

The spatial pattern of socioeconomic phenomena is often the result of long-term equi-
librium of the “human–land relationship geographical system” under the joint action of
macro and micro mechanisms. In this paper, we focus on the comprehensive analysis of
the spatial effects of regional poverty and how it developed under imbalanced regional
development, in particular to figure out how the macro geo-environment affects the occur-
rence of micro-level poverty from the perspective of the scale effects of spatial dependence
and heterogeneity patterns of poverty. We believe it is of great theoretical and practical
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significance to improve the current understanding of regional poverty and support the
construction of sustainable long-term relative poverty alleviation policies. Our empirical
research focuses on Hubei Province, employing a multi-level dataset (namely the village-,
township-, and county-level) with 3S technology, statistics, and spatial statistics methods.
The spatial pattern of multi-level regional poverty was investigated using global and local
Moran’s I. Additionally, the LMG metric built on multiple linear regression (MLR) and the
MGWR model was adopted in order to compare the contribution of different geographical
factors to multi-level regional poverty. Finally, potential factors that shape the variation of
multi-level poverty incidence in Hubei Province are further discussed.

2. Material and Methods
2.1. Study Region

We selected 2014 as the study period since the Targeted Poverty Alleviation (TPA)
strategy was initiated in 2014, and poor individuals were identified in the first half of 2014
under the Chinese poverty line (CNY 2300 (USD 360.7) per capita annual income in 2010
prices) [34]. The number of absolute poor people in China reduced rapidly from 98.99 mil-
lion to 0 during 2014–2020, with an average annual poverty reduction of 12.37 million
people [37]. This was owing to the unprecedented nationwide poverty alleviation efforts
and large scale of policies with the cumulative investment of poverty alleviation funds
of nearly 0.22 trillion dollars under TPA (2014–2020), which was difficult to implement
and has not been conducted in other countries. What’s more, the current poverty line
in China is lower than in many other countries, indicating that there is still considerable
potential poverty, including relative poverty and poverty-returning [38,39]. Therefore, the
poverty condition in 2014 could be regarded as the result of long-term balance of regional
development before the implementation of the nation-wide TPA strategy [34,40]. This is
especially true in places that used to be the poorest regions that faced the multiple tasks of
environmental protection and poverty alleviation.

Hubei Province was chosen as the focal point of our research due to its significance
in addressing poverty-related challenges, belonging to one of the main areas for poverty
reduction in China. This province hosts a relatively concentrated poverty population,
primarily clustered within four prominent areas: Qinba, Dabie, Wuling, and Mufu, which
cover a large number of poor counties. These regions are typical remote areas with harsh
environments, weak economic foundations, and insufficient resources and public services,
encompassing numerous impoverished counties with 35.69 × 106 poor people (accounting
for 60.9% of the total poor people in Hubei Province). The comprehensive poverty char-
acteristics exhibited in these four areas are emblematic of the broader poverty landscape
in China.

The administrative division system of Hubei Province comprised 103 county-level,
1251 township-level, and 25,351 village-level divisions in 2014, with a population of about
58.51 × 106. To focus our research, we excluded the 12 fully urbanized main urban areas
(with no rural population), leaving 91 counties (comprising 770 townships) as the study
region. In 2014, around 5.81 million poor people were identified based upon the national
poverty threshold.

We selected a typical deeply impoverished county within Hubei Province, Yunyang
County, for an in-depth investigation into the spatial patterns and determinants of village-
level poverty. This county has been mentioned in the Seven-Year Priority Poverty Allevi-
ation Program (known as the 8-7 Plan) since 1994, and is one of the 14 poverty-stricken
areas of China that were officially identified in 2011. It is situated in the north-western part
of Hubei Province (Figure 1) with a total area of 3.863 × 103 km2, and is characterized by
dense mountains (73% of the total area) and limited cropland (per capita area 0.06 ha). The
county is divided into 348 administrative villages, with an average poverty incidence per
village of approximately 25% in 2014.

The distribution of poverty incidence at different levels in Hubei Province was plotted
in Figure 1. The result revealed the concentration of impoverished populations in the
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eastern and western mountainous areas, with the poverty incidence ranging from 14.7%
and 42.5%. These areas are relatively undeveloped regions in Hubei characterized by poor
natural conditions and frequent natural disasters. While this geographical disparity in
poverty incidence may be attributed to inherent environmental factors, statistical modeling
is still required to test this hypothesis.
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2.2. Geographical Factors and the Data Sources

Regional poverty is closely related to imbalanced regional development, a consequence
of long-term equilibrium of the “human–land relationship”, and an external manifestation
of human–land relation incompatibility in specific areas and their undesirable evolution
within the system. Building upon the concept of the “human–land relationship”, we
constructed a framework for the generating process of spatial effects of regional poverty
(Figure 2). Overall, the formation of the spatial effects of regional poverty comes from
two types of factors at different scales: geographical environment and regional mem-
berships. Economist Krugman proposed the theory of “two geographical natures” of
the geographical environment, which fundamentally shape a region’s development [41].
The first nature pertains to natural endowments, while the second nature involves the
transportation infrastructure and geolocation constructed by human activities. Scholars
in China have further extended this framework to include “three geographical natures”
that impact economic growth within a region: the first nature geography (natural), the
second nature geography (transportation and geolocation), and the third nature geography
(human capital) [42,43]. Specifically, the first nature geography refers to the synthesis of
natural endowments in regions, which are difficult for humans to change through their own
power, and stay unchanged for a long time. They provide a certain foundation for economic
activities, and can promote or limit economic growth, thereby serving as primary drivers
for economic development. The second nature geography is the geographical nature that
humans utilize and construct in the process of human development. The development of
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transportation networks and geolocation infrastructure has, to a considerable extent, offset
regional imbalances stemming from natural factors. This development has bolstered the in-
fluence of geographical environments on regional economies, offering crucial facilities and
conditions for the growth of secondary and tertiary industries. It stands as a pivotal driving
force for regional economic development, constituting a secondary incentive for economic
progress. In contrast, the third nature geography is created by humans in societal devel-
opment. The development of human resources, including human capital and information
level, promotes technological progress and greatly improves production efficiency. From
the perspective of endogenous economic growth theory, it is an important driving force for
a region’s economic development, and the third incentive for economic development.

The geographical environment, as the backdrop for regional development, interacts
with the region’s constituents, including residents, enterprises, and governing bodies,
engaged in a multitude of activities. The “negative cyclic accumulations” of these factors
jointly contribute to the formation of regional poverty, and manifest their spatial continuity
and spatial interruption attributes to the spatial dependence and heterogeneity of poverty.
The first, second, and third nature geographical factors usually manifest spatial continuity;
specifically, the second nature geographical factor was supposed to have a spatial gradient
effect on regional poverty, which decayed with the distance.
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Drawing upon previous research and the theoretical analysis outlined earlier, a multi-
level poverty impact index system was developed [16,23,29,44–50]. In this process, we
prioritized indicators that remained consistent across different levels, which meant that the
indicators selected were the same or reflected the same aspects of information at different
levels, and we prioritized geographical data with better data source consistency. For ex-



ISPRS Int. J. Geo-Inf. 2023, 12, 501 7 of 23

ample, the cropland distribution could be obtained from both the remote sensing product
and the statistical data; we chose the remote sensing product instead of the statistical data
published by different governments in China to make the factors comparable at different
levels. For the first and second geographical dimension, most indictors such as topography,
land use, and geolocation could be obtained through remote sensing or site monitoring
dataset. However, the third geographical dimension included many socio-economic in-
dicators which were mainly collected from statistical yearbooks, and for some indicators
no statistical data could be found at the township and village levels. For example, the
numbers of registered teachers and doctors are the most widely used indicators reflecting
the education and health development of a region, but these data were only available at
county level. Therefore, we extracted the accessibility of the nearest schools and hospitals
from POI data to characterize the education and health development at village levels. For
clarity, a summary of the dimensions, descriptions, abbreviations, and sources of each
variable is provided at the three levels in Table 1. For more detailed descriptions, please
refer to the Supplementary Material.

In regional poverty research, the county level represents the most common scale of
analysis. This is primarily due to the availability of public data on poverty incidence and
socio-economic statistics at the county level in China. The township is one of the five
administrative divisions in China, and plays a bridge role in connecting the county and vil-
lage [51]. Serving as an intermediary scale, townships exhibit higher spatial heterogeneity
in poverty than counties but lower than that at the village level. Analyzing poverty at the
township scale allows for a deeper understanding of the spatial differentiation mechanisms
of poverty and offers valuable insights for county governments when allocating resources
between townships. The village is the smallest administrative unit in China and serves as
the fundamental basic regional unit for poverty targeting and policy implementation in
China’s Targeted Poverty Alleviation policy. Therefore, villages are considered the most
refined scale in regional poverty research. Villages are not only grassroots management
units in rural areas, but also the basic economic and social units where the rural popula-
tion’s residents live and engage in economic activities. In this study, county-level poverty
incidence data were acquired from the official website of the Hubei Poverty Alleviation
Office (http://xczx.hubei.gov.cn, accessed on 20 January 2022) and detailed township-level
poverty incidence data were obtained from the individual county government website.
Village-level poverty incidence was provided by the local government of Yunyang, sourced
from the household census data.

Table 1. The dimensions, descriptions, abbreviations, and data sources of different factors.

Dimensions Description Indicators Abbreviations Data Sources

First nature
geography

Physical
conditions

Average elevation (m) AE ALOS DSM: Global 30 m (2014) [52]
Annual average precipitation (mm) AAP Resource and Environment Science and Data Center (2014)

(https://www.resdc.cn/Default.aspx, accessed on 20 January 2022)Annual average temperature (◦C) AVT
Proportion of the population impacted by

natural disasters (%) PPN China Geological Survey (average data from last 10 years)
(https://geocloud.cgs.gov.cn/, accessed on 20 January 2022)

Per capita cropland (ha per capita) PCC
Copernicus Global Land Cover Layers: CGLS-LC100 collection
(2015)/Land-use and land-cover change provided by Yunyang

government (2014)

Natural
resources

Cropland with slope higher than 15◦ (%) CSH
Copernicus Global Land Cover Layers: CGLS-LC100 collection
(2015)/Land-use and land-cover change provided by Yunyang
government (2014)Department of natural resources of Hubei

Province (2015)
(http://zrzyt.hubei.gov.cn/fbjd/xxgkml/sjfb/kczytjsj/#test,

accessed on 20 January 2022)/POI data from Gaode map API (2014)

Per capita value of mine resources
(county level/township level)/Distance
to the nearest mineral site (village level)

PCM

Farmland production potential FPP (http://www.resdc.cn/, accessed on 20 January 2022), 2017.
DOI:10.12078/2017122301

Second
nature

geography

Geolocation
and trans-
portation

Density of roads (m/km2) DR Road network from local government and interpretation of Google
Maps (2014)

Distance to nearest train station (m) DNT
POI data from Gaode map API (2014)/Harvard University world

map (https://dataverse.harvard.edu/dataverse/chgis, accessed on
20 January 2022) (2016)/

Distance to the nearest central
city/county (county/township

level)/Average time cost from residential
area in the village to the nearest town

(min) (village level)

DCI/DCO/
ATT

Statistic year book of Hubei (2014)/POI data from Gaode map API
(2014)

http://xczx.hubei.gov.cn
https://www.resdc.cn/Default.aspx
https://geocloud.cgs.gov.cn/
http://zrzyt.hubei.gov.cn/fbjd/xxgkml/sjfb/kczytjsj/#test
http://www.resdc.cn/
https://dataverse.harvard.edu/dataverse/chgis
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Table 1. Cont.

Dimensions Description Indicators Abbreviations Data Sources

Third nature
geography

Governance
capability of

local
government

Per capita local financial revenue (county
level/township level)/no data at village level PCF Statistic year book of Hubei (2014)

The investment attracted (%) (county
level)/no data at village level IA Annual assessment report on county economic work in Hubei

Province in 2014

informatization
level

Proportion of the population having
access to the internet (%) PPI

Annual assessment report on county economic work in Hubei
Province (2014)/Household census data provided by the local

government (2017)

Public
service

Number of registered doctors per
10,000 people NRD Hubei health and family planning yearbook (2014)/Household

census data provided by the local government (2014)
Number of registered teachers per

10,000 people (county level)/township
level/Access to the nearest school (min)

(village level)

NRT/AS Hubei education yearbook (2014)/POI data from Gaode map (2014)

Proportion of New Rural Co-operative
Medical System participants (%) PMP Annual assessment report on county economic work in Hubei

Province in 2014

Proportion of labor force (%) PLF Hubei agriculture yearbook (2014)/Household census data
provided by the local government (2017)

Human
resources

Proportion of migrant labor force (%) PMLF
Hubei agriculture yearbook (2014)/Household census data

provided by the local government (2017)WorldPop
(www.worldpop.org) (21 September 2023) [53]

Proportion of aged 60 or above (%) PA
Hubei agriculture yearbook (2014)/Household census data

provided by the local government (2017)WorldPop
(www.worldpop.org) (21 September 2023) [53]

Average educational attainment of people AEA 2010 population census of the PRC

2.3. Methods
2.3.1. Spatial Autocorrelation Analysis for Spatial Dependency

Spatial dependence analysis is crucial for understanding the spatial patterns of regional
poverty, and it plays a pivotal role in our study. Global Moran’s I and Local Moran’s I were
adopted to measure the degree of spatial autocorrelation in regional poverty at various
scales. Proposed by Moran, Global Moran’s I provides a global assessment of spatial
autocorrelation to quantify the extent to which similar values of regional poverty tend to
cluster together or disperse across our study area [54,55]. In contrast, local indicators of
spatial association (LISA) introduced by Anselin [56] identify local clusters and local spatial
outliers, shedding light on where specific clusters of high or low poverty incidence are
situated. The formula of these two indexes read as follows:

I =
n
S0

∑i ∑j wijzizj

∑i z2
i

(1)

Ii =
zi∑j wijzj

1
n ∑i z2

i
(2)

zi describes the county/township/village level deviation of poverty incidence from its
mean (xi − X), wij is the spatial weight between region i and j, S0 = ∑i ∑j wij is the sum of
the spatial weights, and n is the number of regions.

2.3.2. Variable Importance Metrics for Global Spatial Heterogeneity Analysis

To achieve the goal of relative contributions of various geographical factors across
different scales, we employed a variable importance metric known as the LMG index,
which offers a robust evaluation of the importance on their relationships with regional
poverty. The LMG index has several advantages. On the one hand, LMG is based on a
Multiple Linear Regression (MLR) model, which provides enhanced explanatory power
compared to data-driven machine learning algorithms [7]. The use of most parameters in
MLR models such as the correlation and regression coefficients may produce unstable and
misleading results in the case of cross-correlation [57], which is unsuitable in spatial data
analysis with highly correlated variables [58]. On the other hand, LMG is a multi-linear
regression model that decomposes the R2 into non-negative contributions based upon
semi-partial coefficients [59–61], which can evaluate the total impact of multiple elements
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under one dimension or multiple dimensions, allowing for a comprehensive analysis
of the mechanisms underlying poverty variation. Therefore, in conducting multi-level
comparative analysis, it is reasonable to choose the LMG index to compare and analyze the
relative importance of elements at different spatial and temporal levels.

The R2 of a multi-linear regression model with a set of variables in S is given as the
ratio of the model sum of squares (MSS) and the total sum of squares (TSS):

R2 =
MSS(model with variables in S)

TSS
(3)

When a variable T is added to the model, the increase in the R2 is defined as ∆R2(M/T)
and is given by:

∆R2(M/T) = R2(M ∪ T)− R2(T) (4)

The order of the variables in a model is a permutation of the available variables
x1, . . . , xp and is denoted by the tuple of indices r = (r 1, . . . , rp

)
. Let Tk(r) denote the set

of variables entered into the model before variable xk in the order r. Then, the portion of R2

allocated to variable xk in the order r is denoted as:

∆R2
(
{xk}
{Tk(r)}

)
= R2({xk} ∪ Tk(r))− R2(Tk(r)) (5)

Then, for the explanatory variable xk, the LMG metric over all permutations r is
obtained as:

LMG(xk) =
1
p!∑r premutation ∆R2({xk}|r) (6)

The LMG metric was calculated using the R package ‘relaimpo_2.2-3′ [57].

2.3.3. Multiscale Geographically Weighted Regression (MGWR) for Local Spatial
Heterogeneity Analysis

Geographically weighted regression (GWR) is a well-established, non-stationary re-
gression model that has been applied to regional poverty analysis [34,62,63]. Unlike
traditional global models (e.g., linear regression), GWR is concerned with the variability of
observations across as well as within a study area. In contrast, linear regression assumes
that uniformity exists among observations, regardless of the spatial characteristics of dis-
parate phenomena. Hence, GWR takes into account non-stationarity, or put more simply,
GWR adjusts the model’s ability to vary spatially to account for the basic ‘law’ of geography
that neighboring values are more likely to be similar than not.

Classical GWR assumes that all of the processes being modeled operate at the same
spatial scale, however. Multiscale geographically weighted regression (MGWR) proposed
in 2017 relaxes this assumption by allowing different processes to operate at different
spatial scales, which is achieved by deriving an optimal bandwidth vector in which each
element indicates the spatial scale at which a particular process takes place.

yi =
m

∑
j=0

βbwj(ui, vi)xij + εi (7)

where yi is poverty incidence, xij is the jth geographical variable, βbwj(ui, vi) is the jth coeffi-
cient, bwj in βbwj indicates the bandwidth used for calibration of the jth conditional relationship,
and εi is the error term. The MGWR models were built using MGWR4.0 software.

2.3.4. Handling Multicollinearity and Model Selection

High multicollinearity can lead to unstable and misleading results. Prior to regression
modeling, we addressed multi-collinearity among explanatory variables by computing the
variance inflation factor (VIF) of the explanatory variables. The full MLR model including
all explanatory variables at the first step, and explanatory variables that had the largest
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VIF with the value greater than 10 were removed [64]. The procedure was then repeated
with the reduced model until there were no more variables that had VIF larger than 10.
Additionally, we employed a step-wise model based on the Akaike Information Criterion
(AIC) to further reduce the model and remove any remaining redundant variables [65].

3. Results
3.1. The Spatial Effects of Regional Poverty at Multiple Scales

The spatial distribution of poverty incidence across different administrative levels and
the statistical tests are shown in Figure 1 and Table 2. The results indicated the presence
of spatial autocorrelation in the distribution of poverty at varying administrative scales
since Global Moran’s I values all exceeded the expected value under the null hypothesis
of no spatial autocorrelation and a Z-score above 1.96. The global Moran’s I were close at
the county and township level but lower at the village level, indicating that the degree of
spatial association increases as we move up the administrative hierarchy, with higher levels
exhibiting stronger spatial clustering.

Table 2. Results of the spatial autocorrelation analysis of poverty incidence at different levels in
Hubei Province.

County Level Township Level Village Level

Moran’s Index 0.67 *** 0.66 *** 0.44 ***
Variance 0.071 0.019 0.001
Z-score 9.67 35.33 12.73

*** for p-value < 1 × 10−3, ** for < 1 × 10−2 and * for < 5 × 10−1.

On the map of multilevel local indicators of spatial association (LISA), high poverty
incidence areas were found concentrated in the west part of Hubei Province at the county
and township levels (Figure 3) and in the southwestern region of Yunyang county at
the village level. Additionally, we observed a greater number of sub-units of high-high
poverty incidence at the administrative levels compared to the county level. Across all
three administrative levels, regions with a lower-than-average poverty incidence were
mainly concentrated in the administration center, which typically serves as the political,
economic and cultural center of province, city, or county. At the township level, towns
with low poverty incidence were also concentrated in the central part of Hubei Province.
The findings are in accordance with previous studies on multi-scale features of regional
poverty, where lower-scale poverty had higher levels of spatial differences, agglomeration,
and spatial autocorrelation than higher-scale poverty [33,34].

3.2. The Spatial Effects of Regional Poverty Determinants at Multiple Scales
3.2.1. The Global Spatial Heterogeneity of Regional Poverty at Multiple Scales
The Impact of Geographical Factors on Poverty at Multiple Levels

The VIF analysis removed two variables with VIF > 10 (average elevation and per
capita forest) at the county level and two variables (mean elevation and annual average
temperature) at the township level. The remaining variables were used as input to stepwise
regression to further exclude irrelevant variables.

The interpretation accuracy of the MLR models is summarized in Table 3. We found
that models constructed with the selected geographical factors were significant at all levels.
However, the percentage of explained variance decreased from 84% at the county level to
69% at the township level and 55% at the village level. This suggests that the contribution
of geographical factors to regional poverty gradually diminishes at finer spatial scales,
possibly implying the increasing influence of random, unstructured factors related to
human subjects on poverty incidence.
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Table 3. Interpretation accuracy of the multi-linear model constructed between poverty incidence
and geographical factors at different levels.

County Level Township Level Village Level

Adjusted R2 0.84 0.69 0.55
RMSE 3.93 0.076 0.11

F-statistic 22.43 *** 85.2 *** 23.87 ***

*** for p-value < 1 × 10−3, ** for < 1 × 10−2 and * for < 5 × 10−1.
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The contribution of each geographical factor to poverty incidence at different levels
is presented in Figure 4. To better understand the variations in the relative importance
of geographical factors at different levels, we also examined the Spearman’s correlation
and the pairwise scatter relationship between poverty incidence and significant individual
geographic factors (Table 4 and Figure 5). The pairwise scatter relationship was fitted using
local weighted regression (loss) function [66].

At the county level, two of the top three most important variables belong to the
first nature geography, specifically AE and FPP with the correlation of 0.739 *** and
−0.689 ***,which was consistent with previous analyses that areas with an increase in
slope and elevation suffer from more poverty than flat terrain areas [40,63]. Third nature
geographical variables IA (identified as the second most important variable) and AEA
(ranked fifth) were significantly negatively (−0.741 ***, −0.690 ***) correlated with poverty.
Economic aid and education development is known to promote poverty reduction [67–69].
Variables representing second nature geography, such as DCI and DR, ranked fourth and
sixth separately with a positive relation (0.518 ***, 0.539 ***). The seven least important
variables with a total contribution of less than 5% were mainly third nature geography
variables, such as PMP and PMLF. The results indicate that county-level poverty in Hubei
Province was constrained by the geographical environment, including first, second, and
third nature geography, and more constrained by first nature geography. At the township
level, the first 15 variables explain 95% of the variation of poverty. CSH emerged as the
most important factor while AE, IA, and FPP maintained their rankings from second to
fourth, indicating the significant cross-scale impact of first nature geography. AVT exhib-
ited a weak impact at county level but had more influence with a negative (−0.428***)
correlation at the township level. For agricultural production, areas with high temperatures
and sufficient heat can cultivate three or four crop seasons in one year, which means that
the same land area can produce more agricultural products and feed a larger population.
At the village level, second nature geography factors, particularly ATT, demonstrated the
greatest influence. ATT was significantly positively (0.569 ***) correlated with poverty,
which has also been found in several studies between poverty and remoteness in India,
Keney, and Bangladesh [17,30,70]. However, the pairwise scatter relationship showed that
the nonlinear associations found with ATT may indicate a more complex situation within
the county. AS (ranked second), PCM (fifth), and PPI (sixth) showed greater importance at
the village level. CSH and AE maintained their third and fourth rankings but exhibited
slightly diminished effects compared to higher administrative levels. Interestingly, third
nature geography factors, such as PLF and PMLF, were not significant at any of the three
administrative levels, based on their LMG rankings. On the whole, village-level poverty
incidence was influenced by a more complex interplay of factors, with more dispersed
effects of geographical factors. Most variables maintained the same direction of associa-
tion with poverty across administrative levels, except for PCC and FPP. This shift can be
explained by observations from our field study in Yunyang, which revealed land scarcity
and widespread cropland abandonment in the county [16].

Table 5 presents the overall contribution of different dimensions of the first nature,
second nature, and third nature geography at different scales by summing up the LMG
metric. This analysis reveals that the first nature geography consistently exerted influence
on regional poverty across all levels, followed by third nature geography (36.99%, 42.23%,
23.79%; 13.21%, 7.51%, 14.18%; and 33.77%, 19.29%, 19.97% at the county, township,
and village levels). The greatest and smallest influences of geographical factors came
from physical condition and public service, natural endowments and informatization
level, natural endowments and human resources dimension at the county, township, and
village levels respectively. The results indicated that spatial poverty traps widely exist at
different scales, with a predominant concentration of impoverished populations in regions
characterized by harsh first nature geographical environments.
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Table 4. Spearman’s correlation coefficient between poverty and geographical variables at differ-
ent levels.

Administrative Levels Administrative Levels

Variable County
(n = 91)

Township
(n = 770)

Village
(n = 341) Variable County

(n = 91)
Township
(n = 770)

Village
(n = 341)

PPN 0.615 *** 0.552 *** 0.058 PLF 0.132 0.071 0.045
AE 0.739 *** 0.719 *** 0.484 *** PA 0.459 *** 0.239 *** 0.086

AVT −0.306 ** −0.428 *** 0.027 PMLF −0.015 0.003 0.071
AAP 0.012 −0.138 *** 0.073 PMP −0.016 −0.169 *** 0.285 ***
PCC −0.276 * −0.295 *** 0.285 *** NRD 0.263 * 0.196 *** 0.240 ***
FPP −0.689 *** −0.676 *** 0.279 NRT 0.240 * 0.199 *** (AS) 0.508 ***
PCM 0.367 *** 0.018 0.379 *** PPI −0.647 *** −0.401 *** −0.450 ***
CSH 0.720 *** 0.729 *** 0.487 *** IA −0.741 *** −0.667 ***
DR −0.386 *** −0.122 *** −0.265 *** AEA −0.690 *** −0.474 ***

DNT 0.518 *** 0.441 *** 0.190 *** PCF −0.498 *** −0.204 ***
DCI/DCO/ATT 0.539 *** 0.367 *** 0.569 ***

*** for p-value < 1 × 10−3, ** for < 1 × 10−2 and * for < 5 × 10−1.

Table 5. Variation in the impacts of geographical factor on poverty at different levels.

Administrative
Level

Overall
Contribution

(%)

First Nature Geography Second Nature
Geography Third Nature Geography

Physical
Condition

Natural
Endowments

Geolocation and
Transportation

Governance
Capability

Informatization
Level

Public
Service

Human
Resources

County level 84 23.27 13.72 13.21 17.77 3.5 2.1 10.4
Township level 69 18.33 23.9 7.51 11.22 1.06 2.55 4.46

Village level 55 6.57 17.22 14.18 0 4.23 12.25 0.54
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The Neighboring Effects at Multiple Levels

To investigate the presence of neighboring effects and assess whether the geographical
factors employed could sufficiently explain the spatial structure of regional poverty, we
calculated the spatial autocorrelation in the residuals of multi-level models. Many studies
assume that the spatial pattern observed in the dependent variable can be accounted for by
the spatial patterns of the explanatory variables. The results presented in Table 6 reveal
that at the county and village levels, residuals exhibit no significant spatial autocorrelation,
as evidenced by a Z-score smaller than 1.96 at 95% significance level. However, at the
township level, neighboring effects exist but are not statistically significant, with a positive
Moran’s Index of 0.228. This suggests that the spatial dependence of regional poverty
mainly comes from the spatial structure of geographical factors, supporting the notion that
the agglomeration of the impoverished population results from a passive process associated
with the spatial poverty trap rather than an active diffusion process driven by neighboring
effects, which was also found in Ma’s research [20].

Table 6. Results of the spatial autocorrelation analysis of model residuals.

County Township Village

Moran’s Index −0.0692 0.228 0.0580

Expected Index −0.0122 −0.0013 −0.0030

Variance 0.0738 0.0246 0.0338

Z-score −0.7785 9.2885 1.777

3.2.2. The Local Spatial Heterogeneity of Regional Poverty Determinants at Multiple Scales

To explore the local spatial heterogeneity in the impact of spatial determinants on
regional poverty at different scales, multi-level MGWR models were built with the top geo-
graphical factors contributing more than 1%. Overall, the MGWR models outperformed the
MLR models in terms of explanatory power. The estimation of coefficients and bandwidth
results is presented in Tables 7 and 8. Our analysis revealed significant spatial heterogeneity
in the impact of each geographical factor on regional poverty, with the ranges of the regres-
sion coefficient (Figure 6) and bandwidth varying from the village to the county level, which
aligns with the concept of spatially varying determinants of poverty reported in previous
research from various regions, such as Ecuador, Kenya, Tunisia, and China [33,44,71–73].
In general, factors exhibited a larger range of the regression coefficient at the township and
village level compared to the county level, proving increased local spatial heterogeneity
at lower administrative levels. For specific factors, the parameter estimates associated
with the factors’ percentage of each unit at the three levels under farmland production
potential and distance to the nearest train station were global, while under DCI/DCO/ATT
varied over relatively short distances. The optimal bandwidth in each case was as large as
it could be (89,768 and 346 nearest neighbors at the county, township, and village level).
Some factors had a broadly varied relationship with regional poverty at one level but were
relatively local or not important at the other two levels, including PPI, PCF, DR, AS, and
CSH. Meanwhile, some factors had a broadly varied relationship at two levels but were
relatively local or not important at the other level, including PPN, AE, AVT, AEA, NRD,
AAP, and PCC.

To further illustrate the variations in spatial scales at which different geographical
factors operated, we provided local parameter estimates from three geographical environ-
ment: average elevation, distance to the nearest administrative center, and the proportion
of the population with access to the internet in Figure 7a–c. In Figure 7a, it can be seen that
the local parameter estimates for the factor “average elevation” derived from the MGWR
model exhibited a positive relationship with poverty incidence across the region with a
less pronounced impact in the east at the county level, and in the western areas at the
township level. At the village level, along the central axis in Yunyang county, village-level
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poverty was negligible or less severe at higher elevations, whereas in much of the rest of
the county the effect was positive, the latter implying that poverty was more severe on
relatively higher ground. These findings indicate that elevation significantly influences
poverty incidence, while its effect varies spatially and across different scales. For “distance
to the nearest administrative center” (Figure 7b), the impact of this factor was uniformly
positive across the region at all the three levels, and the general pattern was one where
closeness to the capital city and proximity to the administrative center had less of an effect
on regional poverty. The patterns of “proportion of the population having access to the
internet” (Figure 7c) are generally similar, with a positive relationship observed at the
county and township levels and in the northeastern region at the village level. In most
other parts of the county, the effect was negligible or negative. These results highlight the
complex and localized influences of geographical factors on regional poverty, emphasizing
the importance of considering the specific spatial scales at which these factors operate in
our analysis.

Table 7. Results of the MGWR models at different levels in Hubei Province.

County Level Township Level Village Level

Adjusted R2 0.90 0.81 0.65
Residual sum of squares 5.23 124.23 104.11

Table 8. Estimation result of MGWR models at different levels in Hubei Province.

County Level Township Level Village Level

Variable Mean Bandwidth Mean Bandwidth Mean Bandwidth

PPN −0.186 89 −0.047 768 - -
AE 0.543 89 0.163 768 0.087 58

AVT −0.076 89 −0.101 768 - -
PCC 0.065 89 0.188 154 0.179 346

DCI/DCO/ATT 0.094 52 0.092 109 0.153 179
DNT 0.094 89 0.148 768 −0.001 346
PPI 0.09 89 0.122 252 −0.077 79
FPP −0.067 89 −0.046 768 −0.122 346
PCF −0.105 89 −0.001 46 - -
IA −0.28 54 −0.348 44 - -
PA −0.019 73 - -

AEA −0.181 89 −0.058 732 - -
AAP - - 0.007 768 0.078 346
NRD 0.006 89 0.014 768 - -
PCM - - - - 0.218 186
DR −0.026 77 - - −0.008 346
AS - - - - 0.186 346

CSH - - 0.312 146 0.142 346
PMP - - - - 0.219 268

- representing that this factor was excluded in the MGWR model because it was not identified as important by
LMG value (contribution less than 1%).
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4. Discussion
4.1. Spatial Effects of Regional Poverty

In this study, we conducted a comprehensive analysis of the spatial effects, including
the spatial dependence, spatial heterogeneity, and scale effects of regional poverty, along
with the influence of geographical factors at different administrative levels within Hubei
Province. Our findings highlight the significance of spatial effects in understanding re-
gional poverty. The results demonstrate that regional poverty exhibits spatial dependence
with statistically significant clustering at all the three levels, as well as spatial heterogeneity
whereby the degree of spatial dependence increases as we ascend the administrative hierar-
chy, indicated by higher values of Moran’s I. This spatial dependence and heterogeneity
are further evident in multi-level LISA cluster maps that there is an obvious spatial mis-
match between hotspots detected at different levels. Specifically, many high-high poverty
incidence clusters may disappear at a lower level, replaced by the emerging sub-units in
somewhere else.

In terms of the cause of spatial poverty effects, we adopted different methods to
examined both the global and local impacts of geographic factors on regional poverty at
different scales. It is important to note that regional poverty at all levels is influenced by
geographic factors encompassing the realms of first, second, and third nature geography,
with first nature geography exerting the most substantial influence. Specifically, our
analysis found that the contribution of geographic factors to poverty incidence decreased
as we moved to finer spatial levels. Additionally, we observed that some random and
unstructured factors related to human subjects increasingly impact poverty incidence
at lower administrative levels. For example, the proportion of people enjoying social
insurance became a significant factor at the village level, signifying that local policies and
social welfare programs play a crucial role in poverty reduction at this level.

Among the individual geographical factors analyzed, average elevation and farmland
production potential, representing first nature geography, exhibited consistent and signif-
icant impacts at all three administrative levels. Higher elevations were associated with
reduced temperatures, increased precipitation, and changes in soil composition, which
not only affect vegetation distribution but also impact regional development costs. Farm-
land production potential, on the other hand, had far-reaching implications for regional
agricultural development and the distribution of agriculture-related investments. The
percentage of cropland with slope higher than 15◦ was found to be particularly important
at the township and village levels. Slopes exceeding 15◦ make it challenging to use basic
agricultural machinery effectively, limiting land productivity and potentially exacerbating
poverty. Furthermore, mineral resources, while generally point-distributed and contribut-
ing modestly to economic development at the county and township levels, exhibited a
notable impact on village-level poverty. This suggests that mining activities have the poten-
tial to drive development at the local village level. The second nature geography factors,
such as distance to the nearest central government and density of roads also displayed
significant impacts across all three levels. Regions closer to administrative centers benefited
from better access to resources, healthcare, education, and central government policies.
Similarly, areas near railway stations experienced accelerated urban development, making
it more convenient for local residents, including those in poverty, to seek employment
opportunities through migration [39,74]. Third nature geography factors played a crucial
role as well, with the investment attracted in a county and average educational attainment
of people emerging as important variables. Attracting investment serves as a catalyst to
optimize the allocation of funds and industries, and can create employment opportunities,
particularly in townships. Meanwhile, regions with higher levels of education tend to have
a more adaptable and skilled workforce, which can contribute to both agricultural and
non-agricultural employment opportunities. It is noteworthy that infrastructure, particu-
larly road transportation had relatively weak associations with poverty incidence across
all levels. This suggests that rural infrastructure development is no longer a significant
limiting factor for regional development in Hubei Province.
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Our analysis also revealed significant spatial heterogeneity in the impact of each
geographical factor on regional poverty, with the ranges of the regression coefficient and
bandwidth varying from the village to the county-level. In general, factors exhibited a
wider range of regression coefficients at the township and village levels, emphasizing the
substantial local spatial heterogeneity of these factors’ impacts at lower administrative levels.

4.2. Policy Implications

To enhance targeting efficiency and reduce spatial mismatch in poverty alleviation
efforts, we recommend the implementation of a multi-level monitoring system. This system
would address the limitations of single-level information and understanding, providing a
more comprehensive view of regional poverty dynamics. Policymakers at different adminis-
trative levels should prioritize distinct issues: (1) County-Level Governments: County-level
governments should focus on improving potential agricultural productivity to promote
regional agricultural development. Additionally, efforts should be made to increase their
ability to attract more investment, thereby fostering economic development and creating
non-agricultural job opportunities. Investments in education infrastructure should also be
considered to elevate regional education levels. (2) Township-Level Governments: At the
township level, enhancing the quality of cropland to increase agricultural income among
local residents is paramount. Infrastructure and public service facilities should be strength-
ened to improve overall living conditions and provide essential services. (3) Village-Level
Governments: Village-level governments should prioritize improving accessibility to town
centers for villagers. Investments in public services, such as hospitals and schools, are
crucial to enhance the well-being of residents. Additionally, village governments should
leverage local resources to support industrial development, generating job opportunities
for villagers.

In cases where budgets are limited, targeted poverty alleviation projects with specific
objectives should be implemented in certain areas to maximize effectiveness. For instance,
increasing investment is most effective in the eastern part of Hubei at the county scale, as
well as in the eastern and southwestern regions of Hubei at the township scale for poverty
reduction. Improving accessibility to town centers should be a priority in villages located
in the north-eastern part of Yunyang county.

The findings in this study could also provide insights for other countries where poverty
is still prevalent. The above studies show that a change in the spatial aspect or the scale of
regional poverty distribution causes its influencing factors to vary correspondingly. The
targeting of high-poverty areas is still essential, and delivering limited resources directly
to the poorest areas or resettling residents in these areas are efficient and feasible poverty
reduction strategies. The findings also demonstrate that the spatial effects of first, second,
and third nature geography exist simultaneously, but we suggest improving the second
and third nature geographical environment since it will be more feasible in reality. The
important second and third nature geography exhibited consistent and significant impacts
at all three administrative levels, including the distance to the nearest central government,
the density of roads, and the average educational attainment of people. Therefore, in
the process of alleviating poverty and economic development, governments should pay
attention to the impact of such factors, for example, to increase investment in infrastructure
and public service.

4.3. Limitations

There are also some limitations in this study. Firstly, panel research is a common
means of pattern analysis, but the formation of poverty patterns is a dynamic process,
and the lower the organizational level, the higher the frequency of change. Therefore,
although this article focuses on exploring poverty at different spatial scales, the variations
in the causes and mechanisms of the pattern of regional poverty have not included time
scales, and the research conclusions might have certain limitations. Secondly, poverty is
complex and dynamic, and encompasses various socio-economic and natural environment



ISPRS Int. J. Geo-Inf. 2023, 12, 501 20 of 23

aspects, making comparative research and analysis at different scales difficult. The natural
environmental factors at different scales maintained good consistency through remote
sensing products, but socio-economic factors were often unavailable at all the scales, which
increased the uncertainty in the comparability of results across various scales. Limited by
the availability of data, in this work, we developed a series of alternative indicators at the
village scale to lower the impact of the unmeasurable data, but it was not enough. Lastly, the
observational result between regional poverty and these factors does not necessarily reflect
the causal relationships. Exploring causal relationships from cross-level and integrated
perspectives will be more helpful in future.

5. Conclusions

Understanding the spatial dynamics of regional poverty and comprehending how
regional development impacts it are crucial prerequisites for achieving sustainable poverty
reduction and preventing its resurgence at various levels of government. This study has
centered its focus on unraveling the spatial intricacies encompassing spatial dependence,
spatial heterogeneity, scale effects of regional poverty, and the profound influence of
geographical factors. By comprehensively analyzing spatial effects and the influence of
geographical conditions, we offer actionable insights for policymakers and practitioners
striving to reduce poverty in complex geographic settings. The culmination of our findings
underscores the significance of multi-scale “targeted intervention” and “collaborative
intervention” as essential approaches for addressing poverty. This research not only
informs targeted poverty alleviation strategies in Hubei Province but also provides a
valuable framework for addressing poverty challenges in other regions grappling with
similar spatial complexities. As poverty alleviation remains a global priority, our findings
serve as a testament to the importance of considering spatial dynamics in crafting effective
poverty reduction initiatives.
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