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Increasing the income of poor rural households is essential for the realization of China’s goal of sustainable development, which
entails inclusive and equitable development and reducing the developmental gap between urban and rural areas. We conducted a
case study of Wangqing County, a frontier minority area in Northeast China to examine spatial patterns and income differentials
among poor rural households in this area. We quantified existing associations between household-level and environmental-level
characteristics and income by applying hierarchical linear models. We subsequently applied Geographically Weighted Regression
to analyze the spatial heterogeneity of the environmental-level variables and develop an understanding of the interaction
mechanism of influencing factors. +e results revealed that the distribution of villages, where income levels were similar, showed
significant spatial agglomeration characteristics. Our findings also provide empirical evidence that household- and village-level
characteristics together determine the income of poor households, but that household-level characteristics determine destitution
to a greater extent than environmental characteristics. More specifically, the sex, health condition, and labor capacity of the
household head, household size, the dependency ratio, social welfare, and off-farm work are significantly associated with
household income. At the environmental level, arable land, the distance to the county center, and the average altitude had spatially
heterogeneous impacts that varied in direction and intensity.+is systematic study provides a more comprehensive and integrated
understanding of the factors influencing the income of poor households in a frontier minority area in Northeast China.

1. Introduction

Poverty is a social phenomenon that poses a challenge in
countries worldwide and especially in developing countries.
At the time of the founding of the People’s Republic of China
in 1949, China was one of the poorest countries in the world
[1]. However, following the initiation of the reforms and the
opening up of the economy in the late 1970s, the Chinese
government has systematically planned and implemented
large-scale development-oriented poverty eradication pro-
grams across the country. +ese programs include a series of

medium- and long-term projects, notably the Seven-Year
Program for Lifting 80 Million People out of Poverty
(1994–2000) and the Outlines for Development-Oriented
Poverty Alleviation for China’s Rural Areas conducted in
two phases from 2001 to 2010 and from 2011 to 2020. In
recent years, rapid economic growth and urbanization have
enabled China to make great strides toward reducing ab-
solute poverty, resulting in its status as the first country in
the world to achieve the United Nations goal of halving the
proportion of the population living in poverty [2]. With
reference to the international poverty line standard of 1.25
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US dollars per person per day, more than 700 million poor
people extricated themselves from poverty between 1978 and
2015, and the number of poor in rural China was also
dramatically reduced as a result of a steady increase in their
income [3–5]. However, at the end of 2015, there were still 14
contiguous poor areas considered to have special difficulties,
832 impoverished counties, 128,000 registered poor villages,
and 55.75 million people living in poverty in China [6].
Following the earlier rapid progress of efforts to alleviate
poverty, the remaining poor are currently concentrated in
remote and mountainous townships and villages. In almost
half of these areas, chronic diseases are prevalent [7]. With
the passage of time, the proportions of the old, sick, and
disabled are increasing. +is situation contrasts with the
concept of sustainable development, which entails shared
and inclusive development and reducing income gaps.
Poverty mostly arises because of low income, and many poor
households can extricate themselves from poverty by im-
proving their income [8]. +erefore, it is important for
governments, nongovernmental organizations, and multi-
lateral institutions to know the precise reasons why long-
term income remains low for households that continue to be
poor, so that they can provide more targeted help to increase
the income levels of poor households.

Several previous studies have explored factors that affect
the income levels of poor households. Studies have mainly
used one of two analytical approaches: micro-level (indi-
vidual and household) and macro-level (environmental).
Whereas the former focuses on the characteristics of indi-
viduals and households, the latter focuses on the charac-
teristics of small to large geographic units, such as villages,
counties, governorates, and regions [9, 10]. Because a
household is a resource-sharing unit [11], we treated
households as the micro-level units in this study.

Individual and household characteristics are often ex-
plored at the micro-level to identify the causes of low in-
come. Human capital theory posits that age, gender,
education, disability, and economic activity are all related to
income levels. +e Sustainable Livelihoods Approach (SLA)
framework, which is linked to human capital theory, em-
phasizes household-level assets and capabilities, such as
land, labor, financial capital, productive equipment, social
resources, and skills and aptitudes and be applied in an
investigation of the reasons for low income [12–15].
However, the SLA considers poor people as positive beings
that can secure and extend their own means of living and
escape from poverty by themselves. As a result, the aged and
the disabled that cannot live by physical labor are inevitably
crowded out as priority targets for poverty policy from the
perspective of SLA. According to spatial poverty theory
proposed by Jalan and Ravallion, geographic capital is
strongly linked with income in the rural areas of developing
countries [16]. More recent studies have drawn attention to
the linkage between income and environment at the macro-
level [17–22]. Spatial Poverty Traps (SPTs) are usually dis-
tributed in remote geographical locations, those with fragile
ecological environments and poor infrastructure and public
service provision, and politically disadvantaged areas. +us,
not only economic and demographic variables, but also

geographic variables, such as topographical conditions,
slopes, surface fragmentation, distance/travel time to public
resources or services, elevation, and land use types, are
closely related to income levels. A few studies have simul-
taneously analyzed micro-level (individual and household)
and macro-level (environmental) factors affecting house-
hold income levels [10–12, 21, 23], revealing that poor
households’ income levels are affected not only by variables
at the household level, but also by environmental-level
variables, and that environmental effects vary across dif-
ferent regions.

Several studies conducted on rural China have shed light
on the existing state of affairs and spatial distribution of poor
households’ income levels and the associated driving
mechanisms [24–27]. As town- and village-level data are not
available, most of these studies targeted the province, city, or
county levels. However, the smallest administrative unit in
China, which is an administrative village, generally com-
prises several adjacent and unincorporated rural residential
patches (also known as village settlements or Zirancun in
Mandarin), in which residential houses and living facilities
are built by residents [28]. +erefore, the characteristics of
villages are closely associated with their inhabitants. In other
words, the living conditions of residents are strongly
influenced by the characteristics of village, and village
characteristics are important contextual conditions. How-
ever, only a handful of studies on this topic have been carried
out at multiple levels, and previous studies have not si-
multaneously considered household-level and environ-
mental-level variables. By analyzing and assessing all
variables at a single analytical level, most of these studies
have discounted intragroup convergence effects or the dif-
ferences between groups of households. Studies that have
focused on the relationship between household-level vari-
ables and income tend to ignore the variances that are caused
by differences in environments, which are likely to produce
targeting errors. +ose focusing on the relationship between
environmental-level variables and income lose the house-
hold-level information. Moreover, it is important to con-
sider the spatial heterogeneity of influencing factors, as the
effects of environmental-level variables are always diversified
across different areas [5, 29].

+erefore, to address the methodological and perspec-
tive limitations of earlier research, we accounted for both
household-level and environment-level variables that are
expected to affect the income level of a poor household.
Accordingly, we first performed exploratory spatial data
analysis (ESDA) to explore the spatial patterns and differ-
ential income levels of poor households across the case study
area.We subsequently applied Hierarchical Linear Modeling
(HLM) to examine the factors simultaneously affecting in-
come levels at the household- and environmental levels.
Lastly, we performed Geographically Weighted Regression
(GWR) to identify the spatial heterogeneity of environ-
mental-level variables to develop a better understanding of
the geography of poverty. A deeper analysis enabled us to
acquire a more comprehensive understanding of the com-
plex factors that affect the income levels of poor households,
and this understanding can facilitate the building of a bridge
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between the implementation of policy programs (often
targeted at the environmental-level) and their expected
outcomes (often targeted at the household-level). +e rest of
this paper is organized as follows. Section 2 introduces the
study area, data sources, and research methods (ESDA,
HLM, and GWR). Section 3 outlines how we achieved the
three objectives of the study, described earlier, and presents a
discussion of the findings of the analysis. Lastly, some
conclusions are offered in Section 4.

2. Materials and Methods

2.1. Study Area. Wangqing County is located at
129°51′E–130°56′E and 43°06′N–44°03′N in Yanbian Korean
Autonomous Prefecture, Jinlin Province, Northeast China.
As one of the frontier minority areas of China, Wangqing
County was listed among a set of “national impoverished
counties, key counties of poverty alleviation, and develop-
ment and old revolutionary areas” in 1994, 2011, and 2017,
and it was categorized as one of two highly impoverished
counties in Jilin Province. As shown in Figure 1,
Wangqing County encompasses nine townships and 200
administrative villages, 74 of which are registered as poor
villages. +e county’s urbanization rate reached 57.6% in
2015, which is close to the national average. But the per
capita disposable incomes (PCDIs) of urban and rural
residents were 18,067 yuan and 7,146 yuan, respectively,
which not only indicates that there is a huge gap and
significant inequality between urban and rural areas in
Wangqing County, but also indicates that the PCDIs of
both urban and rural residents in Wangqing County were
considerably below China’s national average. +e total
population of Wangqing County was 228,575, with
156,262 (68.36%) belonging to the Han ethnic group,
which is the dominant ethnic group in China, and the rest
comprising ethnic minorities (e.g., Koreans, Manchu, and
others), accounting for 31.64% of the county’s total
population. At the end of 2015, 18.25% of the rural res-
idents were living in poverty, and the rural poverty in-
cidence (RPI) of Wangqing County was three times higher
than the mean RPI for China (5.70%). It is noteworthy
that the proportion of ethnic minorities and ethnic Han
living in poverty was 17.30% and 82.70%, respectively.
Evidently, among ethnic minorities, the RPI, when con-
sidered along with the ethnic structure of the total pop-
ulation, was lower than that of the RPI of ethnic Han,
which contrasts with the situation for China as a whole
[24, 30]. +erefore, Wangqing County was deemed both a
representative and particular case study.

2.2. Data Sources and Processing. +e household-level data
used in this study was provided by the Wangqing County
Office of Poverty Alleviation and Development (WOPAD),
which includes basic information on 10,493 poor house-
holds obtained from 200 villages in Wangqing County in
2015. A portion of the village-level data provided by
WOPAD also contained records of the socioeconomic
conditions in the 200 villages, while data on village

environments were obtained from the Data Center for
Resources and Environmental Sciences at the Chinese
Academy of Sciences (RESDC) (http://www.resdc.cn) and
the Baidu Map (BM) (https://map.baidu.com/).

+e household head is the key manager and decision
maker within a household and has a decisive influence on
the economic condition and of the household and on the
livelihoods of its members. +erefore, household-level
variables comprised the characteristics of the household
head and the household, with the selection of variables
guided mainly by the SLA framework and by those applied
in empirical studies [8–10, 12, 14, 23, 28, 31]. A detailed
description of the variables is presented in Table 1. At the
village level, variables were mainly determined on the
basis of the theory of Two Geographical Natures [32–34].
Accordingly, we selected not only economic and demo-
graphic variables, but also geographic variables, which
were related to income and were spatially heterogeneous
[5, 35].

2.3. Methods

2.3.1. Exploratory Spatial Data Analysis (ESDA). We per-
formed exploratory spatial data analysis (ESDA) to examine
the spatial patterns and income differentials among poor
households across the case study area using Global Moran’s I
and Local Indicators of Spatial Association (Lisa). +e
Global Moran’s I was defined as follows [36]:

I �
Nijwij xi − x(  xj − x 

ijwij i xi − x( 
2 , (1)

where N is the number of village-level units, Xi and Xj are
the variable values in villages i and j, X is the average of x,
and Wij is the element of a binary spatial weights matrix W,
such that Wij � 1 if counties i and j share a border; oth-
erwise, 0. +e value of global Moran’s I ranged from −1 to 1.
Positive values of Moran’s I indicated clusters of similar
attributes, whereas negative values indicated clusters of
different attributes. A value close to 0 indicates a random
distribution of the attributes, that is, an absence of spatial
autocorrelation [22, 25].

Lisa was expressed as follows [36, 37]:

Ii �
xi − x( 

s
2
x


j

wij xj − x  , (2)

where s2x denotes the variance of variable x. +e meanings of
the other symbols corresponded to those in the Global
Moran’s I formula.

2.3.2. Hierarchical Linear Models. Hierarchical linear
models (HLMs) are widely applied in analyses of two or
more distinct hierarchical levels of data [38]. +ey are
designed to account for the nested structure of individuals
features within geographical areas, enabling the simulta-
neous estimation of individual and area-level effects through
the modeling of complex sources of variation at different
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Figure 1: +e location of Wangqing County.

Table 1: Descriptions of variables applied in the analysis.

Variables Definition (s)
Level 1
Sex Household head’s sex (male/female)
Age Household head’s age (years).
Ethnicity Household head’s ethnicity (Han/Others)
Education Household head’s education level (illiterate/primary school/middle school/high school/others)
Disease Disease status of household head (none/chronic disease/serious disease)
Disability Disability status of household head (none/disabled)
Labor capacity Labor capacity of household head (no ability/normal ability)
Household size Number of members.

Dependency ratio Total number of members below 16 years and above 60 years as a percentage of the total number of household
members.

Education burden Number of students in school (none/one or more students)

Social welfare State of household social welfare (No/dibao [receive basic living allowance] or wubao (receive the “five
guarantees” supporting, including food, clothing, healthcare, shelter and funeral services])

Off-farm work Location of off-farm work (none/town of residence/outside town of residence)
Level 2
Arable land Landholding size per capita (mu0.067 ha)
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hierarchical levels. +erefore, HLMs were used to analyze
the influence of covariates on the annual per capita net
income of poor households (PCIPs) calculated by summing
four components of household income (business income,
salaries, transferred earnings, and property income) and
dividing this figure by household size, as well as the in-
teractions between levels [21, 39].

We first estimated a null model (Model 1) to deter-
mine, quantitatively, whether an HLM was required and
to estimate the intraclass correlation coefficient (ICC),
which indicates the proportion of total variance existing
among villages. +e basic form of Model 1 and the def-
inition of ICC were formulated following Raudenbush
and Bryk [40]:

Level − 1: Yij � β0j + εij,

Variance εij  � δ2,

Level − 2: β0j � c00 + μ0j,

Variance μ0j  � τ00,

ICC �
τ00

τ00 + δ2 
,

(3)

where Yij is the PCIP of a poor household i living in village j;
β0j is the mean outcome for the j th village, and c00 is the
grand mean outcome for all poor households. We assumed
that εij ∼N(0, δ2) for i � 1, 2, . . . , n poor households in
village j, j � 1, 2, . . . , 200 villages, and μ0j∼N(0, τ00), a
random error in village-level. δ2 and τ00 denote household-
and village-level variance, respectively.

A random-coefficient regression model (Model 2) was
subsequently estimated to investigate the coefficient of
household-level variables without the village-level effects
and to identify the household-level variables required to

establish a two-level model for the next step. Model 2 was
expressed as follows:

Level − 1: Yij � β0j + β1jXij + εij,

Level − 2: β0j � c00 + μ0j,

β1j � c10 + μ1j,

(4)

where Xij is the predictor of household i in village j, β0j and
β1j are the intercept and slope, respectively, c00 and c10 are
the mean values of β0j and β1j, respectively, and μ0j and μ1j

are the random elements of β0j and β1j, respectively, rep-
resenting the variation between villages.

Lastly, a comprehensive model (Model 3), which in-
cluded household- and village-level variables, was applied to
investigate the extent of the variation in the slopes, which
was explained using the village-level variables as predictors.
+e comprehensive model was expressed as follows:

Level − 1: Yij � β0j + β1jXij + εij,

Level − 2: β0j � c00 + c01Wj + μ0j,

β1j � c10 + c11Wj + μ1j,

(5)

where Wj is the predictor at level 2 and c00 and c01 are the
coefficients of variable Wj for β0j and βkj, respectively, at
level 2.

2.3.3. Geographically Weighted Regression (GWR). In the
case of geographical phenomena, the relationship between
independent and dependent variables usually varies with
geographical location. In other words, spatial non-
stationarity exists. At this point, the global regression model
is no longer applicable [41]. To deal with the problem of
spatial heterogeneity, Brunsdon et al. proposed the method
of Geographically Weighted Regression (GWR) [42]. +is
method is used to explore spatial diversity by establishing

Table 1: Continued.

Variables Definition (s)
Village size Total population of the village
Hollowing rate +e proportion of nonpermanent residents within the total population of the village
Number of poor +e total number of the poor
Poverty incidence +e proportion of the poor within the total population
Economic level Annual per capita net income of poor households (yuan)
Minority ratio +e proportion of the total number of the poor belonging to minority groups
Distance to county
road Distance of a village to the nearest county road (km)

Distance to township
road Distance of a village to the nearest township road (km)

Distance to river Distance of a village to the nearest river (km)
Distance to town Distance of a village to the center of the nearest town (km)
Distance to county
center Time taken to reach to the center of Wangqing from a village by car (minutes, speed� 3 0 km/60minutes)

Average altitude Average elevation of a village (m)
Topographic relief Elevation range from the lowest point in a village to the highest (m)
Average slope Average slope of a village (°)
Average rainfall Average annual rainfall in a village (mm)
Average temperature Average annual temperature in a village (°C)
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different regression models for each observed location. In
this study, we used GWR to detect the influencing spatial
heterogeneities of environmental-level variables on the in-
come levels of poor households. +e parameters of the
extendedmodel were functions of the position variable i, and
the formula for GWR was expressed as follows:

yi � β0 μi, ]i(  + 
k

βk μi, ]i( xik + εi, i � 1, 2, . . . , n,

(6)

where β0(μi, ]i) and εi represent the spatial coordinates and
regression residual of the i-th sample point, respectively, yi

and xik are the observed values of the dependent variable y

and independent variables x at (μi, ]i), β0(μi, ]i) is the spatial
coordinate of the i th sample point, and βk(μi, ]i) is the value
of the continuous function βk(μ, ]) of the i th location, and
εi ∼ N(0, δ2I).

+e study’s methodological process is presented in
Figure 2.

3. Results and Discussion

3.1. Descriptive Analysis. As shown in Table 2, 28.9% of the
10,493 poor households in Wangqing were headed by
women, and the mean age of all household heads was 65.12
years old. Most of the household heads were ethnic Han
(80.83%), and also larger than the proportion of ethnic Han
in relation to the total population in Wangqing (68.36%).
+us, the poverty incidence among ethnic minorities was
lower than that for the majority population in Wangqing.
Most of the household heads had low levels of education,
and their physical status was poor. More than half of the
household heads reported illness: 44.81% had chronic dis-
eases, 6.00% were seriously ill, and 42.10% were disabled. For
all of these reasons, the majority of household heads
(72.35%) were unable to perform routine work. +e average
household size was relatively small, indicating that most of
the poor households consisted of just one or two persons.
More precisely, 44.37% and 45.72% of households com-
prised one and two persons, respectively. +e dependency
ratio of these poor households was as high as 70.05%, with
91.33% lacking an education burden. In other words, just
8.67% of the households had one or more students in their
homes. According to the data collected, approximately two-
thirds (66.01%) of the poor households received financial
assistance through social welfare schemes from the Ministry
of Civil Affairs in China. Around 88.03% of the households
did not have any members engaged in off-farm work. At the
village-level, all of the selected variables also varied across
the villages (shown in Table 2).

3.2. Results of the Exploratory Spatial Data Analysis (ESDA).
To determine the patterns of similarity and dissimilarity in
the distribution-based clustering of the village-level annual
per capita net income of poor households (VPCIPs), we
examined the Global Moran’s I, Local Moran’s I, and Lisa
cluster of the VPCIPs. Moran’s I value obtained for the
global spatial autocorrelation analysis was 0.1655, indicating

that there was a clustering tendency in the spatial distri-
bution of VPCIPs. Figure 3(a) shows a positive autocorre-
lation for the first and third quadrants. Figure 3(b) shows the
distribution of 42 out of 200 villages with significant local
spatial autocorrelation (p< 0.05). A statistical analysis of the
Lisa scores revealed that neighborhoods with significantly
higher-than-average VPCIPs (high–high) were mainly
clustered in Luozigou. Neighborhoods with significantly
lower-than-average VPCIPs (low–low) were clustered in
Jiguan and Daxinggou. +e proportions of the high–high
and low–low patterns in all of the villages were 5.50% and
8.00%, respectively. About half of the villages with low–high
patterns were also scattered in Luozigou, and the distri-
bution of the high–low spatial patterns did not show sig-
nificant regularity. +e remaining villages were not spatially
significant.

3.3. Results of the Hierarchical Linear Models (HLMs).
Before performing a multilevel analysis, we performed a
correlation analysis to examine variance inflation factors
(VIFs) among all of the variables at the household-level
using the SPSS program, version 23. +e results showed that
all of the selected household-level variables were signifi-
cantly correlated with PCIPs and that the VIF of every
dependent variable was well below 10.+e results of Model 1
(shown in Table 3) reveal that both the fixed and random
effects reached a significance level of p< 0.001. +e variance
among villages (1,587,194.80) was considerably lower than
the variance among households within villages
(11,622,448.75). +e ICC indicated that 12.02% of the total
variance occurred between villages. +e result of the Chi-
squared test for the estimated between-village variance
component was highly significant, revealing significant
variation among villages in relation to PCIP and also
confirming that the HLMs application was both reasonable
and necessary.

Table 4 shows the extent to which household-level ex-
planatory variables were related to PCIPs after eliminating
the impacts of environmental-level variables. As shown,
most household-level variables were significantly associated
with the PCIPs. Affected by the sex of the household head,
the PCIP of a female-headed household was 540 yuan less
than that of a male-headed household. +e physical status of
a household head was negative in relation to the PCIP. +e
declining health of the household head corresponded to a
decrease in the PCIP. Specifically, the PCIP values for
household heads with chronic and serious diseases were,
respectively, 660 yuan and 867 yuan lower than that of a
healthy household head. +e PCIP of a disabled household
head was 358 yuan lower than that of a non-disabled
household head. A household’s labor capacity also played an
important role in the PCIP; our results indicated a higher
PCIP (1,027 yuan) for a household head with normal abilities
to work compared with a household head who was unable to
work normally. +ere was also an evident relationship be-
tween the household size and PCIP. +e PCIP decreased
with an increase in the number of members in a household,
which is in line with the findings of Cao et al., who
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Figure 2: Methodological process of the study.

Table 2: Descriptive statistics for independent variables.

Variables Frequency (%) Mean Sd (range) Type
Level 1 (n� 10,493)
Sex (male as reference) 0.29 Dichotomous
Male 71.10
Female 28.90

Age 65.12 12.12 (8–98) Continuous
Ethnicity (Han as reference) 0.19 Dichotomous
Han 80.83
Others 19.17

Education (illiterate as reference) 2.34 Categorical
Illiterate 9.98
Primary school 49.13
Middle school 37.29
High school 3.32
Others 0.28

Disease (none as reference) 0.57 Categorical
None 49.19
Chronic disease 44.81
Serious disease 6.00

Disability (none as reference) 0.42 Dichotomous
None 57.90
Disabled 42.10

Labor capacity (no ability as reference) 0.28 Dichotomous
No ability 72.35
Normal ability 27.65

Household size 1.69 0.74 (1–6) Continuous
Dependency ratio 0.70 0.43 (0–1) Continuous
Education burden (one or more students as reference) 0.91 Dichotomous
None 91.33
One or more students 8.67

Social welfare (none as reference) 0.66 Dichotomous
None 33.99
Dibao or Wubao 66.01

Off-farm work (none as reference) 0.12 Categorical
None 88.03
Work in town 11.24
Work out of town 0.73

Level 2 (n� 200)
Arable land 6.38 3.91 (0.64–26.02) Continuous
Village size 546.35 429.81 (58–2,640) Continuous
Hollowing rate 0.50 0.24 (0–0.98) Continuous
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Table 2: Continued.

Variables Frequency (%) Mean Sd (range) Type
Number of poor 88.43 96.69 (2–624) Continuous
Poverty incidence 0.16 0.09 (0.01–0.57) Continuous
Economic level 5820 1,388 (3,528–12,076) Continuous
Minority ratio 0.32 0.38 (0–1) Continuous
Distance to county road 12.25 10.02 (0.06–44.57) Continuous
Distance to township road 6.02 6.70 (0.01–29.86) Continuous
Distance to river 3.22 4.39 (0.03–19) Continuous
Distance to town 8.84 6.94 (0.07–30.13) Continuous
Distance to county center 56.36 36.48 (2.15–149.73) Continuous
Average altitude 531.10 156.48 (216–852) Continuous
Topographic relief 439.67 152.86 (114–1048) Continuous
Average slope 11.42 2.86 (3.45–17.95) Continuous
Average rainfall 615.08 13.97 (593–645) Continuous
Average temperature 4.79 1.05 (1.44–6.48) Continuous
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Figure 3: Moran scatter plot (a) and Lisa cluster map (b) of the village-level annual per capita net income of poor households (VPCIPs).

Table 3: Results of model 1.
Fixed effects

Intercept Parameter Coefficient S.E. T-ratio p

G00 5,899.93 99.23 59.46 ≤0.001
Random effects

Intercept Parameter S.D. Variance component x2 p

U0 1,259.84 1,587,194.80 1,743.42 ≤0.001
Level 1 R 3,409.17 11,622,448.75

Table 4: Results of model 2.

Fixed effects Random effects
Coefficient S.E. T-ratio S.D. x2

Intercept 5453.65∗∗∗ 233.62 23.34 1185.51 98.94∗∗∗
Sex (male as reference) −539.83∗∗∗ 83.18 −6.49 502.31 5.56
Age 6.15 4.87 1.26 25.90 4.05
Ethnicity (Han as reference) 177.74 108.40 1.64 615.10 8.11∗∗
Education (illiterate as reference)
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conducted a study of the Liangshan Yi Autonomous
Prefecture in China [23] as well as those of Amara and
Jemmali for Tunisia [10]. However, our findings do not
support those of Chen [11] for Taiwan. +e dependency
ratio was also negatively associated with the PCIP. Evi-
dently, households with a higher proportion of senile
adults and children were more impoverished compared to
other households. Higher dependency ratios not only
indicated greater monetary expenditure on the health and
health care of dependent persons, but also indicated that
more time and resources were spent on caregiving. Social
welfare was positively and significantly associated with
PCIP: the PCIP of a household receiving social welfare
was 458 yuan higher than that of a household without
social welfare. Off-farm work also increased the PCIPs, in
line with the research results in Vietnam and India
constructed by Imai [43]. Controlling for other factors,
the PCIP increased by 1,510 yuan and 2,137 yuan, re-
spectively, for households with members who were en-
gaged in off-farm work in town and out of town compared
with that of a household with no members engaged in off-
farm work. Income from agriculture is meagre in the
study area. Poor households do not have a lot of land or
the ability to operate large farms or ranches, and they
therefore engage in off-farm work to augment their
income.

+e age, ethnicity, and education levels of household
heads and the education burden were not significantly
associated with PCIP in this area. +is finding does not
support those of previous studies for China as a whole
[24], Korea [14], and India [21]. +e reason for this
difference is that, in Wangqing, more than 70% of
household heads were above the age of 60 years, and most
of the younger ones suffered from some form of disease.
+erefore, the age of the household head was not cor-
related with PCIP to the same extent as in these other
studies. In addition, Wangqing is located in the Yanbian

Korean Autonomous Prefecture, which is close to South
Korea and has a large settled population belonging to
minority groups. +ese groups are not treated unfairly by
potential employers or customers in terms of employment
and economic activities. +erefore, at the household level,
the ethnicity of the household head was not related to the
PCIP. Most household heads had a low education level,
and just a few of the households had an education burden,
so there is no significant evidence of the correlation of
these factors with PCIP.

+e results of the global chi-square tests for variance of
household-level variables in Model 2 revealed significant
variation of the following household-level variables across
villages: ethnicity, high school education, chronic disease,
work in town, and work out of town (in Table 4).
+erefore, a full model (Model 3) was established, in
which the slopes of the above five variables and intercept
were treated as random and were allowed to vary across
villages. Following the “t-to-enter” method [27], five
variables (village size, poverty incidence, economic level,
distance to county road, and distance to river) with the
largest t-values at the village-level were added to the full
model (results not shown). A comparison of the original
variance from Model 2 and the conditional variance from
Model 3 revealed that the village-level variables had
impacts at different variance levels. As shown in Table 5,
after adding the village-level variables to Model 3, all of the
variance components of the five household-level variables
and intercepts were evidently reduced, which further con-
firms the significant impacts of village-level variables on the
PCIPs. +e variance effect of the household head’s ethnicity
was most affected by village-level variables (88.28%).
Moreover, the variance effects of chronic disease (55.75%),
the high school education level (57.41%) of the household
head, and off-farmwork (30.66% and 4.05%, respectively, for
work in town and out of town) were also clearly attributable
to village-level variables.

Table 4: Continued.

Fixed effects Random effects
Coefficient S.E. T-ratio S.D. x2

Primary school 83.84 93.77 0.89 170.68 0.31
Middle school 114.71 115.07 1.00 316.84 1.41
High school −207.07 173.10 −1.20 542.33 9.97∗∗
Others −323.67 590.39 −0.55 2,616.12 3.24

Disease (none as reference)
Chronic disease −660.44∗∗∗ 169.26 −3.90 1,406.45 8.08∗∗
Serious disease −866.95∗∗∗ 176.88 −4.90 1,028.38 2.77

Disability (none as reference) −358.18∗∗ 159.00 −2.25 1,221.05 2.73
Labor capacity (no ability as reference) 1,027.23∗∗∗ 127.58 8.05 955.31 4.53
Household size −764.28∗∗∗ 67.56 −11.31 476.92 4.83
Dependency ratio −589.25∗∗∗ 124.84 −4.72 867.33 2.49
Education burden (one or more students as reference) 172.82 117.56 1.47 386.96 0.65
Social relief (none as reference) 457.61∗∗∗ 113.28 4.04 1,002.61 5.38
Off-farm work (none as reference)
Work in town 1,510.34∗∗∗ 189.03 7.99 1,631.73 30.60∗∗∗
Work out of town 2,136.57∗ 1,092.89 1.96 6,472.54 13.81∗∗∗

Level 1 3,171.38
Note:∗p< 0.01; ∗∗p< 0.05; ∗∗∗p< 0.01.
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3.4. Results of theGeographicallyWeightedRegression (GWR).
In the above multilevel analysis, observations from one
geographical area were assumed to be statistically inde-
pendent of those in another area, so any spatial associations
between geographical areas were ignored [44]. In fact,
VPCIPs likely constituted a spatial phenomenon, where the
VPCIPs in a region were influenced by other surrounding
regions. Moreover, each region had different characteristics
associated with VPCIPs. +erefore, the problem of spatial
heterogeneity arose, confirming that GWR was essential.

We first constructed an OLS multivariate correlation
analysis model to identify the environmental-level variables
that significantly contributed to VPCIPs. After completing
this step, we simply located arable land, distance to the
county center, and the average altitude, which were tested
and entered into the regressionmodel.+e adjusted R2 of the
OLS model was 0.147 (shown in Table 6). +e VIFs were all
reasonably small, so there was no strong evidence of variable
redundancy. Table 6 also shows that arable land had a
positive impact on VPCIPs in Wangqing, which is a com-
mon and easily understood phenomenon in most rural
areas, where agriculture is the main source of income [45].
However, what was striking in our study was the positive
effect of the distance to the county center on VPCIPs, in-
dicating that a shorter distance to the county center did not
make a significant positive contribution to the VPCIPs. +is
point is discussed further below. +e average altitude also
had a negative impact on VPCIPs, and this result is in line
with those of studies conducted inmany other parts of China
and beyond [46–48]. Moran’s I value in the OLS regression
model was 0.082 (Z� 2.110, p � 0.034< 0.050), indicating
that the residuals of the OLS regression model showed
significant spatial autocorrelation and that a GWR model
was required.

Table 7 shows that the adjusted R2 value of the GWR
model was 0.225, which was considerably higher than the
value of 0.147 determined using the OLS model. In addition,
the Akaike information criterion (AIC) of the GWR model
(534.628) was lower than that of the OLS model (540.443).
Moran’s I value for the GWR model was 0.002 (Z� 0.056,
p � 0.954> 0.050).+e results of the GWRmodel confirmed
that, compared with OLS regression model, this model,
which accounted for spatial heterogeneity of variables,
performed better in identifying the impacts of environ-
mental-level factors on VPCIPs. +e explanatory variable
coefficients in the GWR model are presented in Figure 3.

Overall, as with the results of the OLSmodel, arable land and
distance to the county center had positive influences on
VPCIPs, whereas average altitude had a negative influence
on VPCIPs. However, the impact of each explanatory var-
iable on the VPCIPs showed spatial differences in terms of
direction and intensity.

+e coefficient of arable land increased moving from the
county center to the periphery (Figure 4(a)). Around the
area of the county center, arable land shows a weak negative
influence, indicating that poor households residing in vil-
lages with less arable land had higher VPCIPs. Poor
households residing in villages surrounding the county
center with less arable land tend to develop some com-
mercial agricultural activities or do some part-time work to
sustain themselves as a result of low yields from limited
arable land.+e results of our field investigation, which were
supported by the views of some government administrators,
indicated that households in villages farther away from the
county center with more arable land are reluctant to change
their agricultural planting structure, because they can
maintain their livelihoods at a subsistence level through
traditional agricultural practices if they have more arable
land. Compared with villages with more arable land, those
with less arable land located closer to the county center
tended to engage in more intensive agriculture to increase
their VPCIPs. Moreover, the positive effect of arable land on
VPCIPs in villages outside of the county center was stronger
in the western plains than in the eastern mountainous areas.

+e spatial heterogeneity of the impact of distance to the
county center on VPCIPs was highly significant
(Figure 4(b)). Further, this influence changed from negative
to positive moving from the area around the county center to
the periphery and from the south to the north. Villages
distributed around the county center were more likely to be
affected by their distance from the county center and evi-
denced closer relationships with the center. +erefore,
distance to the county center evidently had a negative impact
on the villages. However, the relationships between the
county center and villages distributed further away weak-
ened with the increase in distance. Villages distributed
further away may develop by establishing links with other
nearby counties and cities, and this is what happened in
Wangqing County. On the one hand, the mountains to the
east and north of Wangqing block the formation of con-
nections between the county center and villages distributed
to the east and north. On the other hand, the cities of

Table 5: Village-level variables explained variance components and proportions.

Original variance Conditional variance Explained variance (%)
Intercept 1,405,425.01 32,967.87 97.65
Ethnicity (Han as reference) 383,984.23 45,015.43 88.28
Education (illiterate as reference)
High school 277,923.02 118,367.54 57.41

Disease (none as reference)
Chronic disease 195,805.45 86,637.87 55.75

Off-farm work (none as reference)
Work in town 3,945,040.41 2,735,506.87 30.66
Work out of town 74,052,822.40 71,056,066.80 4.05
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Table 6: Estimation of regression coefficients and parameters in the OLS model.

Variables Standard coefficient t Sig. VIF
Arable land 0.331 4.688 ≤0.001 1.000
Distance to county center 0.189 2.591 0.010 1.073
Average altitude −0.185 −2.618 0.010 1.013
Parameter
R2 0.160
Adjusted R2 value 0.147
Akaike information criterion (AIC) 540.443
Moran’s I 0.082

Table 7: Estimation of regression coefficients and parameters in the GWR model.

Variables Minimum Mean Maximum
Arable land −0.205 0.309 0.809
Distance to county center −0.982 0.155 0.501
Average altitude −0.549 −0.256 0.177
Parameter
R2 0.309
Adjusted R2 value 0.225
Akaike information criterion (AIC) 534.628
Moran’s I −0.002
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Figure 4: Explanatory variable coefficients of average income variables for the GWR model at the village-level.
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Mudanjiang and Ningan, which are adjacent to the northern
part of Wangqing County, and the cities of Muling and
Dongning, which are adjacent to the northeastern and
eastern portions of Wangqing County, attract large numbers
of people living in the northern and eastern parts of
Wangqing, resulting in the establishment of connections.
+is finding is supported by the break point analysis on
population and economy betweenWangqing and these cities
and counties [49]. +erefore, villages located east and north
of Wangqing are more likely to develop closer relationships
with the neighboring cities and counties given their in-
creasing distance from the center of Wangqing County.
With the increasing distance between the county center and
the villages located in the east and north, the distance be-
tween these villages and the centers of neighboring counties
is reduced, so it becomes easier to seek development options
by connecting with neighboring counties and cities, thereby
increasing household income. Consequently, the distance
from the county center had a positive impact on VPCIPs in
the eastern and northern parts of Wangqing County.

Overall, average altitude has a negative influence on
VPCIPs (Figure 4(c)). In other words, a higher average
village elevation in Wangqing corresponded to a lower
VPCIP of a village. As expected, elevation had a negative
effect on agricultural production, the construction of in-
frastructure, and access to market centers [50, 51]. Specif-
ically, decreased average crop yields, reduced density of
infrastructure, and increased costs of transportation resulted
in lower income.+is negative influence gradually weakened
moving from the geometric center of Wangqing to the
periphery and from the county center to the periphery. In
addition, the western part ofWangqing County, which is at a
lower average altitude than the rest of the county, is more
likely to suffer from flood disasters (such as the once-in-a-
hundred year flooding disaster that occurred in Wangqing
County on July 19–21, 2017). While the impacts of such
disasters are serious, an increase in the average altitude
corresponds to a relatively lower degree of disaster-induced
damage. Consequently, the average altitude of the western
region showed a weak positive impact.

4. Conclusions

Our case study revealed that, on the one hand, Wangqing
demonstrates universal characteristics as a frontier minority
area in China with a high overall incidence of poverty. Our
findings showed that characteristic features of households in
this area, most of which rely on social welfare funds and
evidence a low non-agricultural participation rate, were aged
heads of poor households, who were mainly male, with poor
health status, a weak labor capacity, and a high dependency
ratio. On the other hand, the incidence of poverty among
households belonging to ethnic minorities in this area was
found to be lower than that of households of Han ethnicity,
with households being small and evidencing significant
differences between internal units. +ese findings show that
Wangqing has its own particular characteristics.

Our findings contribute to the literature in the following
ways. First, compared with other studies, which typically

only examined whether environmental-level variables af-
fected income levels but ignored the spatial heterogeneity of
environmental effects, this study extends the depth and
complexity of investigations of environmental effects. Sec-
ond, unlike existing studies, which typically sacrificed
households’ characteristics, we conducted a comprehensive
analysis of household-level information. +ird, our study,
which focused on household- and village-scale variables,
complements and provides a fine-tuned analysis not found
in many existing larger-scale studies.

We can draw the following conclusions from our
findings. First, the results of the ESDA showed a positive
spatial correlation between the income levels of rural poor
households at the village level and in the surrounding vil-
lages and units with similar income levels, revealing a
spatially clustered distribution and a potential correlation
between income levels and environmental factors. Second,
our application of HLMs to examine the impact of house-
hold- and village-level characteristics on income levels
revealed that they simultaneously determined the income
levels of poor households. However, by comparing the
magnitude of household- and village-level effects in the
analytical process, we determined that 87.98% of the income
variance occurred among households. More specifically,
household characteristics relating to sex, health status (in-
cluding disease and disability), labor capacity, household
size, dependency ratio, social welfare, and off-farm work at
the household-level significantly affected the income levels
of poor households. Moreover, there were significant dif-
ferences among villages relating to the household head’s
ethnicity, high school education level, chronic disease status,
and poor households’ participation in non-agricultural
work. After adding village-level variables to the HLMs, the
variance effect of the abovementioned indicators was
explained to a different extent, and the rationality and ne-
cessity of introducing HLMs were confirmed quantitatively.
+ird, the results of the GWR demonstrated that the in-
fluence on income of environmental-level factors, notably
the direction and intensity of arable land, the distance to the
county center, and the average altitude, varied with spatial
differences, which provides a more scientific and intuitive
understanding of income-level differences and elucidates
some of the confusion associated with the results obtained
with OLS.

Following a long-standing struggle against poverty,
China ultimately succeeded in forging a successful path to
eliminate poverty mainly through domestic economic re-
forms, a development-oriented poverty reduction program,
and the introduction of a system of subsistence allowances.
+is approach has been successful, offering valuable insights
for other countries, especially developing countries, in their
efforts to achieve economic and social transformation and
eliminate extreme poverty. With the Belt and Road Initiative
serving as a platform, China can share its experiences of
successful poverty alleviation and economic development
through infrastructure connectivity, facilitation of invest-
ments and trade, and cultural and people-to-people ex-
changes, thus advancing global poverty alleviation [52].
Although all poor households in China will come out of
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poverty through the provision of strong policy support
during the targeted poverty alleviation period, their incomes
are still low, and there remains a vast gap between their
income and the average income of the country as a whole.

At the same time, the motivation of most poor house-
holds, characterized by high levels of vulnerability and in-
stability, to develop is insufficient, and they therefore require
continuous and sustained attention. An analysis of the
impact of the characteristics of such households and of the
original environmental characteristics on their income be-
fore the impacts of targeted poverty alleviation measures
implemented in 2015 were strongly felt can more clearly
reflect the comprehensive reasons why the income of such
groups have remained low over time. +ese findings can
motivate poor households to improve their income levels
and provide an instructive reference for the governance of
relative poverty and rural revitalization. After 2020, entry
into a post-poverty alleviation era in a context of rural re-
vitalization and an affluent society will provide the key for
solving the problem of rural poverty, which will be trans-
formed from absolute poverty to relative poverty, and from a
focus on solving income-related poverty to solving multi-
dimensional poverty. +erefore, the problem of poverty will
become more complex, necessitating the building of a long-
term mechanism of relative rural poverty governance in a
context of rural revitalization and an affluent society. As a
frontier minority area in China, Wangqing will continue to
face the problem of relative poverty over a long period. Some
people still face a high risk of returning to absolute poverty
from relative poverty. Some rural areas also show obvious
characteristics of recession, and the process of recession is
accelerating. +e contradiction in the relationship between
humans and land is prominent in this region, and this re-
lationship continues to deteriorate. +erefore, the gover-
nance of rural poverty is facing even greater challenges, and
appropriate governance paths and mechanisms require
further exploration.

+is study had some limitations that require further
discussion. Some intrinsic restrictions in the data prevented
us from considering and conducting dynamic monitoring of
factors affecting income levels. Moreover, the influencing
mechanism of this cross-scale study along with policies and
strategies for improving the income levels of poor house-
holds needs to be explored further in future studies.
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