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Abstract: Poverty is a challenge worldwide. Policy and regulations guiding anti-poverty measures
for governments, NGOs, and multilateral institutions have not considered the spatial scale effect
of regional poverty, resulting in low-efficiency poverty alleviation actions. This study addressed
research gaps by analyzing the multi-scale (county, township, and village) features of regional poverty
in Yanbian Korean Autonomous Prefecture in Jilin province, China. It examined the impact of
geographic capital and associated spatial heterogeneity from four dimensions: natural environment,
transport location, facilities accessibility, and socioeconomic development. The results identified
that regional poverty varied at different scales: lower-scale poverty had higher levels of spatial
differences, agglomeration, and spatial autocorrelation than higher-scale poverty, and the “island
effect” was prominent. The factors potentially impacting regional poverty varied at different scales for
geographical capital. At the township scale, only transport location and socioeconomic development
dimensions could make significant differences. Factors in all four dimensions could affect village-
scale poverty significantly, and the natural environment dimension was more effective than the
other three dimensions. The impact of geographic capital and its spatial heterogeneity at the village
scale varied, implying that local and diverse anti-poverty measures should increase. This study
improves understanding of the multi-scale features of regional poverty and supports the formulation
of effective anti-poverty measures.

Keywords: poverty alleviation; spatial scale effect; geographic capital; spatial heterogeneity

1. Introduction

Poverty is a social phenomenon and has been an enormous challenge for many
countries, especially developing countries and countries in underdeveloped regions. The
long-term existence of poverty hinders the economic and social development of the whole
world and restricts the sharing of development outcomes by humankind. At a regional level,
poverty is a key factor in regional economic imbalances, eco-environmental degradation,
and prominent contradictions between people and the land. At an individual level, poverty
not only means low income but is also often accompanied by social exclusion, lack of
opportunity, and exposure to risk. Therefore, in response to this problem, governments
and international organizations worldwide have implemented many projects and applied
a series of measures to alleviate or eliminate poverty. The goal of “no poverty” with the
interpretation of “end poverty in all its forms everywhere” is highlighted in the United
Nations Sustainable Development Goals. For instance, the United Nations 2030 Agenda for
Sustainable Development set poverty elimination as the top priority out of all 17 goals [1].
Globally, the number of people living in extreme poverty declined from 36% in 1990 to 10%
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in 2015. However, the pace of change is slowing, and the COVID-19 crisis puts decades
of progress in the fight against poverty at risk [2]. Poverty is still prevalent in many areas.
More than 700 million people, or 10% of the world population, still live in extreme poverty,
struggling to fulfill their most basic needs of health, education, and access to water and
sanitation [3].

Studies in different disciplines have explored the features and causes (factors) of
poverty in an effort to alleviate poverty [4]. In spatial terms, the progress of eradicating
global poverty is uneven. Those living in extreme poverty in South Asia and sub-Saharan
Africa account for 80% of the world’s poverty population [5]. In 1990–2015, the spatial–
temporal pattern of the world’s poverty core shifted significantly from South Asia to the
African continent [6]. A study of Vietnam revealed that the poverty incidence varied
widely across districts, with the highest poverty incidence in the remote northern areas
and the lowest in the southeastern areas and in large urban centers [7]. In some districts,
particularly in remote and upland areas, more than 90% of the population lives below
the poverty line, while in others, particularly in or near the large urban centers, less
than 5% of the population is poor. Another study conducted on 415 rural subdistricts
in Bangladesh found that families in Dhaka are measurably richer than families in other
areas of the country and that communities with a high incidence of poverty have a more
consistent spatial distribution pattern showing ecological deterioration areas [8]. Testing
how poverty is geographically concentrated in Fiji at provincial and tikina scales (a tikina
is a geographical unit in Fiji) revealed that, at the provincial scale, predicted poverty is
highest in Cakaudrove province in the Northern Division, while at the tikina scale, 50%
of all the poor in Fiji are concentrated in just six out of 85 tikinas [9]. These outcomes
have important implications for the efficiency of targeted poverty alleviation programs.
In China, the distribution of rural poverty also shows distinct spatial agglomeration. In
2006, the poverty incidence of the 14 contiguous poor areas with particular difficulties was
higher than 50%. This was reduced to lower than 20% in 2014. At the provincial scale, from
1978 to 2014, the rural poverty population became gradually concentrated in central and
western China. At the county scale, the poverty population was mainly distributed in the
mountainous and hilly areas along the Hu Huanyong line, which divides China into two
roughly equal parts and is considered to be China’s natural and ecological boundary [10],
with the proportions of poor in China living northwest and southeast of the Hu Huanyong
line at 16.4% and 83.6%, respectively [4]. A study conducted at the village scale in China
demonstrated that the distribution of poverty levels for different villages from 2011 to
2015 statistically represents a geometrical olive-shaped pattern [11]. Overall, the above
studies have shown that the spatial features of regional poverty at different scales are
noticeably different, offering different references for poverty alleviation measures made at
different levels of government. However, existing studies seldom systematically analyze
the spatial characteristics of regional poverty at different scales, which makes it difficult for
policymakers at different levels to find specific references for their particular levels when
making poverty reduction measures.

From the perspectives of the human capital, capability poverty, and sustainable liveli-
hoods frameworks, many studies in the humanities and social sciences have explored
the factors of poverty at an individual level. Meanwhile, in economics and geography, a
vicious circle of poverty [12,13], an environmental determinism of poverty [14,15], spatial
poverty traps [16,17], and the “island effect” of poverty [4] were proposed and adopted
to investigate the relationship between poverty and various economic, social, and envi-
ronment elements at a regional level. Moreover, individual poverty and regional poverty
interact and are mutually influenced. Individual poverty is usually linked to a lack of an
endogenous impetus, a lack caused by regional poverty. Regional poverty, in turn, usu-
ally results from an accumulation of individual poverty [18,19]. The solution to regional
poverty is the basis of and prerequisite for the elimination of individual poverty [20,21].
Jalan and Ravallion found that geographic capital is strongly linked to the rural poverty
of developing countries [17]. Geographic capital synthesized by human, social, finan-
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cial, physical, natural, and livelihood capital is formed by the long-term interaction and
mutual restriction of the natural, economic, and social environment within a particular
region, and it is the foundation for the development of this region [4,16,22–25]. Spatial
poverty is the distribution pattern of poverty in geographical space from the perspective
of geographic capital. It focuses on exploring the impact of the unequalized distribu-
tion of geographical capital on poverty within a specific region [26]. The authors also
revealed that spatial poverty traps are usually distributed in remote geographical loca-
tions and fragile ecological environments, in areas with poor infrastructure and public
services supply, and in politically disadvantaged areas. This situation indicates that not
only economic and demographic variables but also geographic variables, such as eleva-
tion, topography, slope, surface fragmentation, rainfall, temperature, distance to a main
road, distance/travel time to public resources or services, and distance to a main river
are closely related to poverty [16,27–30]. However, current research on the correlations
between geographic capital and regional poverty remains insufficient, especially from the
multi-scale perspective, resulting in vagueness in correlations between scales. In addition,
the different variable sets for geographic capital at different scales make it challenging to
form a correlation consensus.

A study testing the relationships between socioeconomic factors and poverty inci-
dence across contiguous poverty-stricken regions of China at the county scale identified
that rural income, urbanization, education, grain production, and irrigated land ratio
had a significantly negative association with poverty incidence [31]. However, in dif-
ferent regions, some predictors had more significant effects on poverty incidence than
others. In rural settlements in Kenya, soil quality, elevation, length of the growing period,
different categories of land use, and locational variables were found to be significantly
correlated with poverty [32]. Kim et al. identified that the specific contextual determinants
of poverty at the state and village scales were helpful in alleviating poverty in India [28].
A study conducted in the Liupan Mountain Region, China, found that poverty is more
clustered at a lower scale, and the significant influencing factors are greater. However,
the degree of their association with poverty decreases at lower scales [29]. 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 [33]. In addition, spatially differenti-
ated policy schemes have greater effectiveness in reducing poverty than geographically
mute designs [34]. Therefore, the important policy-making references derived from the
analysis of spatial poverty distribution and the impact of geographic capital on regional
poverty and the associated multi-scale spatial heterogeneity should not be ignored or
omitted [18,33,35–37]. However, existing studies pay insufficient attention to the spatial
scale effect of the impact of geographic capital on regional poverty at multi-scales and the
associated multi-scale spatial heterogeneity.

To address the research gap in existing studies, taking Yanbian Korean Autonomous
Prefecture (YKAP) in Jilin province, China, as the case study area, where 52,000 people were
living in poverty at the end of 2015, this study aimed to: (1) analyze the multi-scale features
(i.e., county, township, and village) of regional poverty, including the spatial distribution
patterns, differences, and autocorrelations; and (2) examine the impact of geographic
capital on regional poverty at the township and village scales and its associated spatial
heterogeneity, in the four dimensions of natural environment, transport location, facilities
accessibility, and socioeconomic development. In short, this study could improve the
understanding of the multi-scale features of regional poverty and support the formulation
of accurate and effective anti-poverty measures.

2. Materials and Methods
2.1. Area of Study

In China, since the initiation of reform and opening up the economy in the late 1970s,
the government has carried out large-scale development-oriented poverty eradication
programs across the country in a planned and organized manner and implemented a series
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of projects to promote regional development by alleviating poverty. As a result of the
rapid economic growth and urbanization in recent years, China has made remarkable
achievements in reducing absolute poverty, becoming the first country to achieve the
United Nations goal of halving the proportion of the population living in poverty [31,38].
By the end of 2020, there were no households living under China’s poverty line of $354
(adjusted from 2010 price levels) per capita annual income. However, the current poverty
line in China is relatively lower than in many other countries, indicating that there is
still considerable potential poverty, including relative poverty and re-poverty [39]. In
addition, the long-term unequalized development of urban and rural areas has caused
major discrepancies in many dimensions of life in rural China. Some rural areas of China are
still trapped in relative poverty with complicated poverty features [40]. This is especially
true in the frontier minority regions that face the multi-tasks of environmental protection,
border stability, national unity, and poverty alleviation.

YKAP is a typical frontier minority area of China, located in the far northeast of Jilin
province, China, at the junction of China, Russia, and North Korea (Figure 1). It covers
4.27 × 104 km2, and it has rich natural biological resources. Nearly 70% of this area is
designated as restricted development zones, and extreme tensions arise between economic
development and environmental protection. YKAP includes eight counties, 66 townships,
and 1048 villages. Four of the eight counties, Longjing, Helong, Wangqing, and Antu, are
classed as national poverty-stricken counties (P-SCs) of China, and Tumen is classed as
a provincial P-SC of Jilin province. In this study, the five counties mentioned above are
classed as P-SCs, while the remaining three of Dunhua, Hunchun, and Yanji are classed as
non-poverty-stricken counties (non-P-SCs). A total of 304 of the villages are registered poor
villages (R-PVs) of China. In 2017, the population of YKAP was 2.10 million, composed of
more than 20 ethnic groups, of which the groups of ethnic Han and Korean populations
were 1.27 million and 0.75 million, accounting for 60.48% and 35.71%, respectively. In the
past 10 years, the economic growth rate of YKAP has slowed down significantly, and in the
past two years, the total agricultural output fluctuated and declined. The development of
agriculture became more and more dependent on planting. The proportion of agricultural
income derived from planting increased from 53.91% to 72.28%. The per capita disposable
income of the rural residents was RMB 10,449 in 2017, with a growth rate fluctuating
between 3.86% and 22.07% from 2008 to 2017. The growth rate was significantly affected by
the inter-annual fluctuation of agricultural output. At present, YKAP faces the problems
of many underdeveloped rural areas, such as poor living and agricultural production
conditions, poor industrial levels, and low educational attainment. YKAP also faces specific
local challenges caused by the unique local environment, outdated production conditions,
low population, and multiple ethnicities. The rural poverty incidence (RPI) of YKAP was
8.19% at the end of 2015, much higher than the mean RPI for China (5.70%) [41]. In contrast,
the RPI of the ethnic minorities of YKAP was lower than that of China. Therefore, YKAP
can be considered as both a representative and particular case study [42,43].

2.2. Data Sources and Processing

Data used in this study include the following four main datasets. The first dataset is
the information about the environment, the economy, and the population. These data are
mainly derived from statistical yearbooks, statistical bulletins, and government websites
covering the study area. The second dataset is the information about the population in
poverty. These data are mainly provided by the Office of Poverty Alleviation and Develop-
ment (OPAD) of YKAP and collected from various planning documents. The third dataset
comes from the regional basic geographic dataset, the 1:250,000 database of the National
Geomatics Center of China (http://www.webmap.cn/commres.do?method=result25W,
accessed on 23 September 2021), the Data Center for Resources and Environmental Sciences,
the Chinese Academy of Sciences (http://www.resdc.cn, accessed on 23 September 2021),
and Baidu Maps (https://map.baidu.com/, accessed on 23 September 2021). The points of
the location of counties, townships, and villages, and the polygons of the boundaries of
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counties and townships are also included in this dataset. The boundaries of villages are gen-
erated by Thiessen polygons. The necessary registration, correction, clipping, coordinate
transformation, and other processing of the data used in this study have been performed.
The last dataset is the survey statistics on population, arable land, and economic devel-
opment of townships and villages, mainly offered by the OPAD of YKAP. The missing
data and outliers were supplemented, verified, and corrected in telephone interviews. This
study collected end-of-2015 data for analysis intending to depict the multi-scale features
of poverty objectively, to reveal the spatial scale effect of the impact of geographic capital
on regional poverty, and to weaken the strong impact of the special policy intervention
brought by the implementation of the Targeted Poverty Alleviation Strategy which began
in YKAP in 2015.
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Figure 1. Overview of the study area.

2.3. Indicators for Assessment
2.3.1. Indicators for Spatial Difference

The Gini coefficient and the Theil index were used to analyze the differences in poverty
distribution in YKAP. The formulas for the Gini coefficient and the Theil index were derived
from the literature [44]. The differences in regional poverty in YKAP at the county scale
were divided into sub-differences between P-SCs and non-P-SCs. The quartile method was
applied to divide townships and villages, based on the population in poverty, into four
grades: mild poverty, moderate poverty, high poverty, and severe poverty. Meanwhile,
the poverty difference was divided into intra-zone and inter-zone sub-differences between
villages in P-SCs and in non-P-SCs, and into intra-zone and inter-zone sub-differences
between R-PVs and non-registered poor villages (non-R-PVs) at the village scale.

2.3.2. Indicators for Spatial Autocorrelation

First, Global Moran’s I formula was used to test the global spatial autocorrelation of
regional poverty in YKAP at the township and village scales. Then, the Gi index (Getis-Ord
G*) was applied to verify whether there were statistically significant high or low values
in some parts of the study area. Local Moran’s I formula was adopted to determine the
patterns of similarity and dissimilarity in the clustering of poverty distribution. For specific
calculation methods, please refer to the literature [45,46].

2.3.3. Construction of the Variable Set for Geographic Capital

Under the guidance of the concept of spatial poverty, by integrating natural and
human characteristics and considering YKAP’s local characteristics, this study constructed a
variable set of geographic capital from the following four dimensions: natural environment
(NE), transport location(TL), facilities accessibility (FA), and socioeconomic development
(SD), having first eliminated the objective difficulties of data collection and the high
correlation and redundancy among variables (Table 1 and Figure 2).
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Table 1. Descriptions of variables of geographic capital.

Dimensions Variables Definition(s)

Natural
Environment

Average altitude (AA) Average elevation of a township/village (m).

Topographic relief (TR) Range from the lowest to the highest altitude point of
the township/village (m).

Average slope (AS) Average slope of a township/village (◦).

Slope change (SC) Range from the minimum to maximum slope of the
township/village (◦).

Average rainfall (AR) Average annual rainfall of a township/village (mm).

Rainfall change (RC) Range from the minimum to maximum of the
township/village (mm).

Average temperature (AT) Average annual temperature of a township/village (°C).

Transport
Location

Distance to nearest national-level road (DNNR) Distance from a township to the nearest national-level
road (km).

Distance to nearest provincial-level road (DNPR) Distance from a township to the nearest provincial-level
road (km).

Distance to nearest county-level road (DNCR) Distance from a township/village to the nearest
county-level road (km).

Distance to nearest township-level road (DNTR) Distance from a township/village to the nearest
township-level road (km).

Facility
Accessibility

Distance to township center (DTC) Distance from a village to the nearest township
center (km).

Road distance to county center (RDCC) Distance from a township/village to the nearest county
center (km).

Travel time to county center (TTCC) Time needed to travel by car to the nearest county center
from a township/village (minute).

Distance to Main River (DMR) Distance from a township/village to the nearest main
river (km).

Socioeconomic
Development

Population size (PS) Total population of a township/village.
Population density (PD) Population per square kilometer of the township.
Average arable land (AAL) Arable land size per capita of a township/village (mu).

Urbanization rate (UR) Proportion of urban population to the total population
of a township.
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Natural Environment: The conditions of the NE are considered as a prerequisite
for regional development [47,48]. Altitude and topography are important indicators of
geomorphology, and a slope can have a significant impact on the pattern and structure of
agricultural planting. In addition, rainfall and temperature are important factors affecting
crop growth [49]. All the above variables are closely related to agricultural production and
to the quality of life of residents in rural areas. Therefore, they are all included in the NE.

Transport Location: The distance to the nearest road network can indicate the transport
convenience of a particular region. Land transportation is the primary means for YKAP
residents to travel within and outside the areas, and there are significant differences in
the frequency of use of each level of road between townships and villages [50]. This
study focused mainly on the transport convenience of townships to national-, provincial-,
county-, and township-level roads and the transport convenience of villages to county- and
township-level roads.

Facilities Accessibility: The accessibility of facilities determines the costs of residents’
access to various services. The closer people live to the township or county center, the
higher the accessibility to many facilities. Conversely, areas with low accessibility always
experience increased costs when accessing services. The frequency of use of these facilities
is negatively affected. As a result, the areas with low FA are more likely to fall into poverty
traps [51]. The closer the residents of YKAP live to the main river, the more convenient
and easier it is for them to use the irrigation facilities, thereby increasing their incomes and
reducing the costs of agricultural planting [31].

Socioeconomic Development: SD is the foundation for the future development of a
particular region. A sufficient supply of labor acts as a foundation for rural development
and for maintaining rural vitality. Arable land is the material base for agricultural pro-
duction in northeastern China, a grain production base [52,53]. The status quo of regional
economic development is the foundation for maintaining and promoting the future devel-
opment of this region, as represented by the urbanization rate (UR). In general, the higher
the UR, the better the economic development of a region [31,54]. Therefore, the above
variables are included in the SD.

2.3.4. Test of Multi-Scale Impact of Geographic Capital on Regional Poverty

Ordinary least squares (OLS) regression was used to screen out the variables corre-
lated with regional poverty. In light of the possible impact of spatial correlation, spatial
econometric models were constructed to detect the impact of geographic capital on re-
gional poverty. The model included the spatial lag model (SLM, estimated equation refers
to [55]), which takes into account the spatial correlation effect between the dependent
variables of adjacent units, and the spatial error model (SEM, estimated equation refers
to [55]), taking into account the spatial correlation effect of the same independent variable
between adjacent units. Next, the factor detector of the GeoDetector models was applied
to compare the determinant power of different factors. The specific formulas refer to [56].
Finally, geographic weighted regression (GWR, for formulas see reference [41]) models
were employed to explore the spatial heterogeneity of the impact of geographic capital on
regional poverty by establishing a different regression model for each observation unit [57].

3. Results of Spatial Distribution Analysis
3.1. Spatial Distribution Patterns of Poverty at Different Scales

At the county scale, the population living in poverty was highly concentrated in the
five P-SCs, accounting for 89.56% of the total YKAP poverty population, showing a slight
“island effect” of poverty. Specifically, Wangqing had the largest poverty population (ac-
counting for 34.01%), followed by Antu (accounting for 19.38%), Longjing (accounting for
7.84%), and Dunhua (accounting for 5.46%). The poverty populations of Tumen, Hunchun,
and Yanji were the smallest (accounting for 3.75%, 3.27%, and 1.71%, respectively).

Figure 3a shows the 2015 spatial pattern of poverty population by township. The
average number of people living in poverty in each township was 788, ranging from
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36 to 5194, showing a significant uneven spatial distribution. The statistics indicate that
Luozigou and Daxinggou in Wangqing, and Longcheng in Helong, had the largest poverty
populations. The number of people living in poverty in the above three townships was
more than 3000. Toudao in Helong and Mingyue in Antu each had more than 2000 people
living in poverty. The concentration of those living in the severe poverty grade was 68.88%,
and nearly one-fifth of the poor were distributed in the high poverty grade. Only 8.08%
and 3.20% of the poor, respectively, were distributed in the moderate and mild poverty
grades. In spatial terms, townships with populations in the severe poverty grade were
concentrated and contiguous. They were distributed in Wangqing, Helong, and Antu.
Townships with populations in the high poverty grade were interspersed between and
around the townships in the severe poverty grade, showing adjacent distribution. In
addition, townships with populations in the moderate and mild poverty grades were
mainly distributed in northwestern and northeastern YKAP.
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At the village scale, there were 43 villages with more than 200 people living in poverty.
Of these villages, 22 were located in Wangqing, and 20 were located in Helong. The propor-
tions of population in poverty distributed in the grades of severe, high, moderate, and mild
poverty were 69.13%, 21.18%, 7.80%, and 1.90%, respectively. Villages with populations in
severe and high poverty grades were mainly located in Wangqing in northeastern YKAP
and in Helong and Antu in southeastern YKAP (Figure 3b). Villages with populations in
moderate and mild poverty grades were mainly located in Hunchun in eastern YKAP, in
Dunhua in northwestern YKAP, and in Yanji in central YKAP. The kernel density estima-
tion of poverty population by village shows that the distribution of the poor formed an
identifiable core gathering area and a gathering cluster containing multiple agglomeration
sub-areas (Figure 3c). The core gathering area was located in northeastern Wangqing, in a
remote location, around 100 km from Wangqing center, where the terrain fluctuates greatly
and the agricultural infrastructure is relatively weak. The main body of the gathering
cluster was located in Helong, with the north and east extending to Longjing. This location
is a transitional area between mountains, hills, and plains, with steep terrain and varied
slope ranges, a relatively high proportion of ethnic minorities, and serious population loss
and aging problems [58].

3.2. Spatial Distribution Differences of Poverty at Different Scales

As Table 2 shows, the Gini coefficients at county, township, and village scales were
0.477, 0.572, and 0.618, respectively, indicating that there was a significant difference in the
spatial distribution of poverty at all of the three scales, and the difference increased at the
lower scale level. At the county scale, the total difference was mainly attributable to the
inter-sub-difference between P-SCs and non-P-SCs (contribution of 63.45%). Additionally,
the contribution of inner sub-differences among non-P-SCs (60.80%) was larger than that of
P-SCs (39.20%). However, at the township scale, the total difference in poverty distribution
was mainly attributable to the inner sub-differences of the four poverty grades (80.28%).
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Specifically, the inner sub-differences of the severe and moderate poverty grades were
relatively large (with contributions of 35.79% and 39.30%, respectively), and the inner sub-
differences of the high and mild poverty grades were relatively small (with contributions
of 12.98% and 11.93%, respectively). At the village scale, the inner sub-difference among
villages in non-P-SCs (0.556) was larger than that of P-SCs (0.473), and the inner sub-
difference among non-R-PVs (0.642) was larger than that among the R-PVs (0.509).

Table 2. Spatial distribution difference of poverty at different scales in YKAP.

Scales Value

County

G 0.477
Itheil 0.342

Value Contribution
Iinter 0.217 63.45%
Iintral 0.125 36.55%

Iintral P-SCs 0.049 39.20%
Iintral Non-P-SCs 0.076 60.80%

Township

G 0.572
Itheil 0.710

Value Contribution
Iinter 0.140 19.72%
Iintral 0.570 80.28%

Iintral severe poverty 0.204 35.79%
Iintral high poverty 0.074 12.98%

Iintral moderate poverty 0.224 39.30%
Iintral mild poverty 0.068 11.93%

Village

G 0.618
GP-SCs 0.473

GNon-P-SCs 0.556
GR-PVs 0.509

GNon-R-PVs 0.642

3.3. Spatial Autocorrelation of Poverty at Township and Village Scales
3.3.1. Global Spatial Autocorrelation of Poverty

To reveal the geographic patterns of poverty distribution at different scales, we calcu-
lated the Global Moran’s I statistics for the poverty population at the township and village
scales. Because the number of counties was too small to carry out spatial autocorrelation
analysis, we only performed analysis on the township and village scales. The boundaries
of villages were generated by Thiessen polygons. Therefore, the spatial weighting matrix at
the village scale was constructed based on threshold distance. Table 3 shows that the Global
Moran’s I statistics for the poverty population at the township scale were 0.272 and 0.234,
respectively, based on the spatial weighting matrix constructed based on queen contiguity
and threshold distance. The Global Moran’s I statistic at the village scale was 0.456 based
on the spatial weighting matrix constructed based on threshold distance. All the Global
Moran’s I values were greater than mathematically expected, and the Z-statistics at the
township and village scales were greater than 2.58 at the 99% significance level, indicating
statistically significant positive spatial autocorrelations of the distribution of poverty at the
township and village scales. In addition, the degree of spatial autocorrelation was higher
at the village scale than at the township scale.

3.3.2. Local Spatial Autocorrelation of Poverty

Figures 4 and 5 reveal that the distribution of the poverty population in YKAP showed
distinct spatial agglomeration features at the township and the village scales. As Figure 4a
shows, the hot spots of poverty in YKAP at the township scale are mainly distributed in
Wangqing and Helong, while the cold spots are gathered in Dunhua and Hunchun. The
LISA scatter plot (Figure 4b) shows that the townships falling into the first (high-high,
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H-H) and third (low-low, L-L) quadrants accounted for 19.70% and 53.03% of the total
townships, respectively; more than those falling into the second (low-high, L-H) and fourth
(high-low, H-L) quadrants, accounting for 16.67% and 10.60%, respectively, indicating
that the distribution of poverty population showed mainly H-H and L-L agglomeration
patterns at the township scale. The LISA cluster map (Figure 4c) of statistical analysis of
the LISA scores exhibited four units of the H-H agglomeration pattern (with significantly
higher than average poverty population) passing the significance test (p < 0.05), with two
located in Wangqing and two in Helong, respectively. Seventeen units with the L-L agglom-
eration pattern (with significantly lower than average poverty populations) that passed
the significance test (p < 0.05) were clustered in Dunhua and Hunchun. The proportions
of the H-H and L-L patterns in the total townships were 6.06% and 25.76%, respectively.
In addition, two of the L-H agglomeration pattern townships were scattered in Wangqing
and Helong, respectively, indicating that compared with the neighborhoods, the poverty
populations of the above two townships were significantly smaller. Therefore, it is neces-
sary to monitor the risk caused by the poverty spillover effect from neighboring townships.
The distribution of the H-L agglomeration patterns did not show significant regularity.

Table 3. Results of global spatial autocorrelation of poverty at different scales.

Scales Weighting Matrix Moran’s I z-Statistic p-Value

Township Principle of queen contiguity 0.272 3.843 <0.01
Principle of threshold distance 0.234 3.938 <0.01

Village Principle of threshold distance 0.456 71.865 <0.01
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At the village scale, the hot spots and cold spots were also concentrated in specific
areas, and they covered wider areas than at the township scale, forming three distinct hot
and cold spot clusters, respectively (Figure 5a). Similar to the township scale, the spatial
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distribution of the poverty population at the village scale also showed mainly H-H and
L-L agglomeration patterns (Figure 5b). The numbers for villages with H-H, L-L, L-H,
and H-L agglomeration patterns that passed the significance test were 181, 452, 94, and 18,
respectively. The proportions for the total villages were 17.35%, 43.34%, 9.01%, and 1.73%,
respectively. The spatial distributions of the four agglomeration patterns at the village scale
were broadly similar to those at the township scale, but the distribution range was more
varied and diverse (Figure 5c). The villages with L-H and H-H agglomeration patterns
were adjacently distributed, while the villages with an H-L agglomeration pattern were
scattered and interspersed among the villages with an L-L agglomeration pattern.

4. Results of the Multi-Scale Impact of Geographical Capital on Regional Poverty at
Township and Village Scales

First, the factors that significantly correlated with regional poverty and were without
multicollinearity were screened at the township and village scales using stepwise regression
after they had been standardized by Z-score. Then, OLS models and spatial econometric
models were constructed to conduct a preliminary assessment of the positive or negative
impacts of different factors. Next, the factor detector in GeoDetector was applied to
compare the power of the determinants in the different sub-regions. Finally, in light of
the significant spatial autocorrelation in regional poverty, GWR models were employed
to investigate the spatial heterogeneity of the impacts of geographic capital on regional
poverty to make accurate and effective anti-poverty measures.

4.1. Preliminary Assessment of Positive or Negative Impacts of Different Factors

The results in Table 4 show that at the township scale, the adjusted R2 is 0.42 in
the OLS model. Factors in TL, including DNNR, DNPR, and SD, including PS and UR
dimensions, could significantly impact regional poverty. Specifically, both DNNR and PS
were positively correlated with regional poverty at a level of p < 0.01, indicating that with
the increase in distance from a township to the nearest national-level road and the increase
of population, the poverty population would increase significantly. DNPR and UR were
negatively correlated at the 5.00% statistical level with regional poverty, demonstrating that
the increase in distance from a township to the nearest provincial-level road and the rise
of urbanization would significantly alleviate poverty. As Table 5 shows, Moran’s I (error)
value was statistically insignificant (5% statistical level). Neither the Lagrange multiplier
(lag) nor the Lagrange multiplier (error) passed the significance test, verifying that the
results estimated by the OLS model were credible.

Table 4. Preliminary results of the impact of geographical capital on regional poverty.

At the Township Scale (OLS) At the Village Scale (OLS) At the Village Scale (SLM)

Variable Coef. S.E. T-test Variable Coef. S.E. T-test Coef. S.E. T-test
DNNR 0.47 0.10 4.55 *** AA 0.30 0.04 6.87 *** 0.08 0.04 2.14 **
DNPR −0.28 0.10 −2.64 ** TR −0.11 0.05 −2.07 ** −0.13 0.04 −3.07 ***

PS 0.56 0.11 5.01 *** AS 0.14 0.05 2.80 *** 0.12 0.04 2.93 ***
UR −0.26 0.11 −2.29 ** AR 0.32 0.05 7.11 *** 0.14 0.04 3.65 ***

AT 0.10 0.05 2.28 ** −0.04 0.04 −1.14
DNCR −0.14 0.04 −3.40 *** −0.04 0.03 −1.24
TTCC 0.23 0.04 5.22 *** 0.07 0.04 1.79 *

PS 0.36 0.03 11.68 *** 0.30 0.03 11.71 ***
R2 0.45 R2 0.35 W-Y 0.72 0.04 19.38 ***

Adjusted
R2 0.42 Adjusted R2 0.34 R2 0.58

LogL −73.29 LogL −945.88 LogL −813.79
AIC 156.58 AIC 1909.76 AIC 1645.59
SC 167.53 SC 1951.74 SC 1687.57

Note: (1) * p < 0.1; ** p < 0.05; *** p < 0.01. (2) Variables that did not pass the significance test have been omitted.
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Table 5. Results of spatial dependence tests of the impact of geographical capital on regional poverty.

Township Village

Test MI/DF Statistical value MI/DF Statistical value
Moran’s I (error) 0.04 1.06 0.30 19.19 ***

Lagrange multiplier (lag) 1 1.85 1 345.52 ***
Robust LM (lag) 1 3.05 * 1 33.39 ***

Lagrange multiplier (error) 1 0.29 1 329.57***
Robust LM (error) 1 1.49 1 17.44 ***

Lagrange multiplier (SARMA) 2 3.34 2 362.96 ***
* p < 0.1; *** p < 0.01.

In terms of the village scale, the adjusted R2 estimated by the OLS model was 0.34
(Table 4). Regional poverty was simultaneously impacted by the four dimensions of
geographic capital, among which some factors (including AA, TR, AS, AR, and AT) in the
NE dimension were more effective. AA, AS, AR, AT, TTCC, and PS had significant positive
impacts on regional poverty. Conversely, TR and DNCR were negatively correlated with
regional poverty. In addition, Table 5 shows that the Moran’s I (error) was significant at
a level of p < 0.01, indicating that spatial econometric models should be constructed to
estimate the positive or negative impacts of different factors. The adjusted R2 of the SLM
and SEM models was greater than that of the OLS model (the results are omitted). In
addition, the statistical values of the Lagrange multiplier (lag) and the Lagrange multiplier
(error) were significant at the level of p < 0.01. The statistical values of robust LM (lag)
and robust LM (error) were also significant, thereby verifying the necessity to construct
the spatial econometric models again. The SLM with a higher fitting coefficient than the
SEM was selected for subsequent analysis [59]. Compared with the results estimated by
the OLS model, the R2 of the SLM model increased substantially to 0.58. The LogL of the
SLM model was larger than that of the OLS model, while the AIC and the slope change
(SC) values were much smaller than those of the OLS model, indicating that the fitting
performance of the SLM model had significantly improved compared with the OLS model.
After considering the spatial correlation among villages in the SLM model, DNCR and
regional poverty were no longer significantly correlated, and the relationship between AT
and regional poverty was converted to negative with statistical insignificance.

4.2. Comparison of the Determinant Power of Different Factors

Table 6 shows the factor detector results for the different sub-regions of YKAP. At the
township scale, PS dominated regional poverty in YKAP, P-SCs, and non-P-SCs. The PD,U
values of PS in the above three sub-regions were 0.2560, 0.5103, and 0.2306, respectively.
In YKAP, PS was followed by DNNR (0.1753) and DNPR (0.1290), the determinant power
of UR (0.0791) was relatively weak, while in P-SCs and non-P-SCs, UR (with PD,U values
of 0.1205 and 0.1443, respectively) had a stronger power than DNPR (with PD,U values of
0.0806 and 0.0606, respectively), and the determinant power of DNPR was stronger than
DNNR (with PD,U values of 0.0510 and 0.0278, respectively). The above results indicate
that the order of the determinant power of factors was consistent in P-SCs and non-P-SCs,
but the difference of the determinant power among factors in P-SCs was greater than
in non-P-SCs.

At the village scale, PS played an overwhelming role in all sub-regions except for in
non-R-PVs. When the difference of determinant power among PS and other factors in all
sub-regions was compared, it was found that the difference in P-SCs and R-PVs was greater
than in other sub-regions. In YKAP, PS was followed by AR (0.0771), AS (0.0722), and TR
(0.0592), the determinant power of TTCC and AA were minor with PD,U values of 0.0339
and 0.0209, respectively. Except for PS and AS, the order of the determinant power of
factors was different in P-SCs and non-P-SCs. The order of the determinant power of most
factors was also inconsistent between R-PVs and non-R-PVs. Regarding the difference of
determinant power of factors, in comparison with R-PVs, in which PS had the dominant
power, there was no dominant factor in non-R-PVs, and the PD,U values of AR (0.0782), TR
(0.0724), and AS (0.0718) were relatively equal.
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Table 6. Determinant power (PD,U) and its rank in different regional poverty factors.

Scale Variable
YKAP P-SCs Non-P-SCs R-PVs Non-R-PVs

PD,U Rank PD,U Rank PD,U Rank PD,U Rank PD,U Rank

Township

DNNR 0.1753 2 0.0510 4 0.0278 4
DNPR 0.1290 3 0.0806 3 0.0606 3

PS 0.2560 1 0.5103 1 0.2306 1
UR 0.0791 4 0.1205 2 0.1443 2

Village

AA 0.0209 6 0.0380 3 0.0460 2 0.0602 3 0.0197 6
TR 0.0592 4 0.0013 6 0.0257 4 0.0179 6 0.0724 2
AS 0.0722 3 0.0099 5 0.0160 5 0.0360 4 0.0718 3
AR 0.0771 2 0.0506 2 0.0374 3 0.0706 2 0.0782 1

TDCC 0.0339 5 0.0289 4 0.0054 6 0.0292 5 0.0394 5
PS 0.1121 1 0.2965 1 0.1177 1 0.3226 1 0.0423 4

4.3. Spatial Heterogeneity of the Impact of Different Factors

Table 7 shows the detailed impact of the factors in the GWR models. From the mean
value of regression coefficients in Table 7, we know that the positive or negative impact of
factors in the GWR models was consistent with the OLS models. However, judging from
the varied range of the regression coefficient of each factor, there was significant spatial
heterogeneity in the impact of each factor on regional poverty at both the township and the
village scales. In general, the spatial heterogeneity of the impact of factors at the township
scale was relatively smaller than that at the village scale, with larger varied ranges of the
regression coefficient at the village scale than at the township scale.

Table 7. Estimation result of geographically weighted regression models.

Scale Variable Min. Mean Max. Q1 Q2 Q3

Township

DNNR 0.17 0.47 0.72 0.38 0.49 0.56
DNPR −0.52 −0.26 0.23 −0.32 −0.30 −0.23

PS 0.29 0.50 0.79 0.43 0.51 0.55
UR −0.41 −0.21 −0.15 −0.23 −0.21 −0.19

Village

AA −0.34 0.10 0.76 −0.08 −0.01 0.19
TR −0.48 −0.08 0.17 −0.16 −0.06 0.01
AS −0.16 0.06 0.61 0.00 0.01 0.06
AR −1.06 0.13 1.67 −0.07 0.07 0.50

TDCC −0.46 0.09 0.41 0.03 0.07 0.21
PS 0.05 0.27 1.48 0.07 0.13 0.36

Specifically, at the township scale, DNNR was consistently positively correlated
with regional poverty, but the spatial distribution of the regression coefficient gradually
increased from south to north in YKAP (Figure 6a). The national-level roads are mainly
located in western and northern YKAP. Therefore, those living in the above sub-regions
are more dependent on the national-level roads. In contrast, southern YKAP is far from
the national-level roads. Therefore, their influence in southern YKAP is relatively weaker.
The impact of the DNPR on regional poverty showed great spatial variety. In general, the
negative impact of DNPR gradually weakened from south to north and from west to east
(Figure 6b). YKAP is located in the northeast of Jilin province, and it borders Heilongjiang
province. The provincial-level roads are important access routes connecting provinces
and cities. Therefore, contacts between YKAP in northeast Jilin with cities in the inner
Jilin province and in other southwest provinces are more frequent than with cities in more
distant northeast China. As a result, the impact of provincial-level roads was stronger
in southwestern and western YKAP than in eastern and northeastern YKAP. Conversely,
DNPR had a positive impact on regional poverty in some townships located in northeastern
YKAP. The relationship between PS and regional poverty was positive and relatively stable,
and the impact of PS gradually increased from west to east (Figure 6c). The PS in eastern
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YKAP was relatively small, so the same amount of demographic change would have
a stronger impact in eastern YKAP than in western YKAP. However, most townships
in eastern YKAP were near national boundaries, where the supporting infrastructure
and industrial development were lower than in other areas, and the population carrying
capacity was relatively weak, making the population more likely to fall into poverty.
Regional poverty was consistently negatively correlated with UR, with a relatively weak
impact on townships in northwestern to southeastern YKAP and a relatively strong impact
on townships in northeastern and southwestern YKAP (Figure 7d).
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At the village scale, regional poverty was positively correlated with AA in villages
located in southeastern YKAP (Figure 7a). The positive impact of AA on regional poverty
was strongest in Helong and Longjing, gradually weakening in the outer circle. Surprisingly,
it had a negative impact in northern and southwestern YKAP, where the average village
elevation is higher than in other areas. Because as the average elevation increased, the
population of the village decreased, regional poverty became correspondingly reduced. TR
had the strongest negative impact in northern Wangqing, and then gradually decreased
in an unbalanced circle toward the periphery. Meanwhile, it had a positive impact in the
suburbs of Dunhua, where the population density is relatively higher than in other areas
of YKAP (Figure 7b). The positive impact of AS gradually decreased from northeastern
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and southwestern to central YKAP, and regional poverty was negatively correlated with
AS in central YKAP, southern Helong, and southeastern Hunchun (Figure 7c). The impact
of AR on regional poverty had the largest variation. This can be inferred from the largest
varied range of its regression coefficients in the GWR model. In spatial terms, the positive
impact of AR decreased from eastern to western YKAP, while the negatively affected
villages were mainly located in the southeast and northwest. Additionally, the negative
impact gradually weakened from the southeast to the northwest (Figure 7d). The change
of absolute values of the regression coefficients of AR demonstrates that the impact of
AR on regional poverty gradually weakened in YKAP from the east to the west. The
river network in western YKAP is relatively denser, and the water storage capacity is
relatively large, with a greater capacity for absorbing sudden precipitation than is the
case in eastern YKAP. However, there is more rain in eastern YKAP than in other areas,
and the elevation of some villages in eastern YKAP is lower. Villages in Wangqing and
Hunchun, and villages in eastern YKAP, are more vulnerable to sudden precipitation and
flood disasters. Therefore, residents in eastern YKAP face bigger challenges from crop
failure or failed harvests, making them more likely to fall into poverty. The TTCC was
positively correlated with regional poverty in northeastern YKAP. As the TTCC increased,
the connection between villages and county capitals gradually weakened, and the costs to
villages of accessing various distribution facilities increased, while the countywide effects
of the county capitals would be significantly weakened. Therefore, villages far away from
the county capital would be more likely to fall into poverty [60]. Spatially, the positive
impact became weaker from the capital toward the two sides of Wangqing. However,
in central and southern YKAP, TTCC was negatively correlated with regional poverty
(Figure 7e). PS had a consistently positive impact on regional poverty. Spatially, the impact
of PS in eastern YKAP gradually weakened from north to south with obvious stratification
characteristics. Conversely, in western YKAP, the impact of PS was relatively strong in the
south and weak in the north (Figure 7f). Combining the spatial distribution of the PS, we
found that the impact of PS was stronger in villages with smaller populations and weaker
in villages with larger populations.

5. Discussion
5.1. Features

Based on the above analyses, we have a clearer understanding of the multi-scale
features of regional poverty and the impact of geographic capital.

The spatial distribution patterns of regional poverty at different scales are relatively
consistent. The poverty populations of YKAP were highly concentrated in P-SCs at the
county scale, and the proportion of poverty population located in P-SCs in YKAP was
higher than the average poverty proportion in China. In addition, severe poverty grade
villages were mainly nested in severe poverty grade townships, which were mostly nested
in P-SCs.

The lowering of the research scale led to corresponding increases in the difference in
the spatial distribution of regional poverty. Along with the change in the research scale,
the local characteristics of the lower scale are more complicated and diverse. Therefore, the
difference, including the spatial distribution of regional poverty among units, was greater
at the lower scale. In addition, narrowing the inequalities among different sub-regions is
critical for poverty alleviation. Therefore, in this study, the exploration of the differences in
poverty at different scales and sub-regions is beneficial in alleviating poverty because it
narrows the gaps among different sub-regions [61].

The spatial autocorrelation of poverty was significant at the township and the village
scales, and its degree was higher at the lower scale. The “island effect” of poverty distribu-
tion was more prominent at the village scale. Moreover, the hot spots and cold spots did
not coincide at different scales. Some units of poverty agglomeration patterns were only
identified at the village scale, and they covered wider areas than at the township scale.
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In terms of the impact of geographic capital on regional poverty, in this study, we
applied different methods on different scales to analyze the impact of geographic capital
on regional poverty. Previous studies all tended to adopt the same analysis method. The
results of this study should be more accurate and reliable. The results indicate that the
factors which could generate significant impacts varied for the different scales. At the
township scale, only the factors in the TL and SD dimensions could make significant
differences. In comparison, the factors in all four dimensions could significantly affect
village-scale poverty. This finding is not consistent with the results reported by Ma (2018)
from Liupan Mountain Region, China, in which factors in the NE dimension were supposed
to play a scale-independent role in regional poverty [29]. In the present study, only PS in
the SD dimension impacted poverty both at the township and village scales. At the village
scale, the factors in the NE dimension were more effective than the other three dimensions
in YKAP, which is clearly different from the results of studies conducted in the plains areas
in China, where poverty is mainly determined by factors in the TL and FA dimensions [62].
In addition, at the village scale, the independent and the dependent variables had a spatial
effect, namely spatial autocorrelation.

Compared with studies that ignored the significant difference in the determinant
power of poverty influencing factors between sub-regions, this study indicates that the
determinant power of the same factor at the same scale was different among different
sub-regions. At the township scale, the order of factors was relatively consistent in YKAP,
P-SCs, and non-P-SCs. The order of factors was much more changeable at the village
scale in the different sub-regions, indicating that the determinant power of factors among
different sub-regions was more complicated at the lower scale.

After taking into account the spatial scale effect, this study finds that the spatial non-
stationarity of the impact of geographic capital on regional poverty cannot be ignored at
the township and the village scales. The variation of the regression coefficient of factors
was smaller at the township scale, with relatively gentle spatial heterogeneity. However,
the spatial heterogeneity at the village scale was much greater with significant variation of
regression coefficient of factors, providing evidence that it is essential to consider spatial
non-stationarity in GWR models and demonstrating that the causes of regional poverty
were more complicated at the lower scale.

5.2. Implications

The multi-scale features of poverty distribution show that targeting high-poverty areas
is still essential. Delivering limited resources directly to the poorest areas is an efficient
and feasible poverty reduction strategy. It is also possible to alleviate poverty caused
by insufficient geographic capital through poverty alleviation resettlement for residents
living in places with poor geographic capital. The spatial difference in poverty distribution
should encourage policymakers to narrow the poverty gaps in the different sub-regions.
Poverty reduction linkage between sub-regions could be used to improve the effectiveness
of poverty reduction and to avoid triggering even more social injustice while implementing
poverty reduction actions among the different types of sub-regions. At the county scale, the
difference in poverty distribution between P-SCs and non-P-SCs, and the intra-difference
among non-P-SCs should also be addressed. At the township scale, more emphasis should
be placed on reducing poverty intra-difference among townships in the same poverty grade.
At the village scale, poverty differences among P-SCs and non-P-SCs villages should be
tackled, and the considerable intra-difference between the type of R-PVs and non-R-PVs
cannot be ignored. Additionally, following the rapid progress of efforts to alleviate poverty
in P-SCs and R-PVs, the poverty reduction process in non-P-SCs and non-R-PVs also should
be prioritized, and the lists of P-SCs and R-PVs should be dynamically adjusted to achieve
the goal of “end poverty in all its forms everywhere”. In addition, different units in the
same agglomeration patterns should enhance the poverty reduction effect through spatial
linkage and cooperation in poverty reduction actions in villages, especially at the lower
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scale. More cooperative poverty reduction actions should be applied to neighboring units
in different agglomeration patterns to alleviate the poverty spillover effect.

The multi-scale impact of geographic capital on regional poverty allows for inferring
factors that need to be the focus of different poverty reduction actions at different scales.
In YKAP, more measures should be taken to improve the transport network system and
optimize the location of townships by transport poverty alleviation. For instance, more
national-level roads should be built throughout the region, and provincial-level roads
should be added, especially in northeastern YKAP. Actions and programs, such as digital
rural construction, rural e-commerce development, countryside tourism development,
and distinctively local agricultural products production should also be implemented to
promote the economic development of townships. In tandem with the new urbanization
process in China, policies to guide the orderly transfer of rural population to cities and
towns should be undertaken to improve the urbanization of townships. At the village scale,
the poverty reduction plan should focus on the natural environmental factors affecting the
main livelihood activities (agricultural planting) of farmers in YKAP. Strengthening the
support of the land use policy, prioritizing the arrangement of land consolidation projects,
improving soil nutrient and water-use efficiency [63,64], and high-standard farmland con-
struction subsidies for poor areas will increase local agricultural output, thereby alleviating
poverty. The current crop practice of planting only corn, soybean, and rice should be
changed, and crop types should be diversified. Some cold-resistant mountain crops, such
as edible fungi and some of the ingredients for Chinese herbal medicine, should be planted
in mountainous areas with a significant slope, high topographic relief, and a relatively
high altitude. Farmers engaged in livestock breeding should also be encouraged to expand
the scale of their farming into the large areas of mountainous woodlands. In addition,
multifunctional agriculture should be developed to increase income and mitigate risks [65].
The transport conditions of the villages should also be improved to strengthen the connec-
tion between towns and the economic centers. It should be added that in different types
of sub-regions (such as P-SCs, non-P-SCs, R-PVs, and non-R-PVs), the order of priority
of implementing poverty reduction measures is different, a situation emphasized by the
principle of categorized poverty alleviation. This is because different factors have different
priorities of determinant power in different types of sub-regions. All types of sub-regions
should formulate a time sequence for implementing poverty reduction projects according
to the order of determinant power of factors in the sub-region. Therefore, it is beneficial
to formulate a targeted poverty alleviation plan based on the local poverty characteristics
and factors influencing poverty. Another fact emerging from the results obtained from
the analysis using the GWR models is that if the budget is limited, poverty alleviation
projects with specific objectives should be conducted in certain areas that are lacking in
the particular resources needed to achieve the most effective outcome. For instance, at the
township scale, building national-level roads for poverty reduction is most effective in the
northern YKAP, especially in northeastern YKAP. Furthermore, the local characteristics of
each unit should be considered in a more refined manner, and measures and plans that are
more accurate should be taken to alleviate and eliminate poverty according to the specific
direction and intensity of the influence of the factor in each unit. For example, villages
located in the northeastern and southwestern YKAP should try to plant waterlogging-
tolerant crops because the significant impact of rainfall on poverty in this region should be
weakened. Correspondingly, drought-affected villages in southeastern and northwestern
YKAP should plant more drought-tolerant crops. In addition, for ecological conservation
areas like YKAP, ecological poverty alleviation measures, such as recruiting people living
in poverty as forest rangers, increasing ecological protection compensation, and promoting
carbon sink trading, are also effective ways to reduce poverty.

6. Conclusions

Eliminating poverty is the premise and foundation for narrowing the regional devel-
opment gap and sharing human development outcomes worldwide. This paper analyzed
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the multi-scale features of regional poverty and examined the impact of geographic capital
on regional poverty and associated spatial heterogeneity, finding that the spatial scale
effect existed in regional poverty features and in the impact of geographic capital on re-
gional poverty. This suggests that anti-poverty measures should be formulated according
to the scale targeted by governments as well as by nongovernmental organizations and
multilateral institutions. At the township scale, poverty reduction strategies should focus
on improving the transport locations and promoting the economic development of the
townships. At the village scale, emphasis should be placed on reducing the constraints
caused by harsh natural environments. This study provides a reference for an improved
understanding of the multi-scale features of regional poverty and supports the accurate
and effective formulation of appropriate anti-poverty measures for poverty alleviation. In
the future, we could monitor the complex features of regional poverty by analyzing its
spatial–temporal features. We could also explore the driving mechanism of the cross-scale
effect of geographic capital on regional poverty.
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