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Abstract
The examination of poverty-causing factors and their mechanisms of action in pov-
erty-stricken villages is an important topic associated with poverty reduction issues. 
Although the individual or background effects of multilevel influencing factors 
have been considered in some previous studies, the spatial effects of these factors 
are rarely involved. By considering nested geographic and administrative features 
and integrating the detection of individual, background, and spatial effects, a bilevel 
hierarchical spatial linear model (HSLM) is established in this study to identify the 
multilevel significant factors that cause poverty in poor villages, as well as the mech-
anisms through which these factors contribute to poverty at both the village and 
county levels. An experimental test in the region of the Wuling Mountains in central 
China revealed the following findings. (1) There were significant background and 
spatial effects in the study area. Moreover, 48.28% of the overall difference in pov-
erty incidence in poor villages resulted from individual effects at the village level. 
Additionally, 51.72% of the overall difference resulted from background effects at 
the county level. (2) Poverty-causing factors were observed at different levels, and 
these factors featured different action mechanisms. Village-level factors accounted 
for 14.29% of the overall difference in poverty incidence, and there were five signifi-
cant village-level factors. (3) The hierarchical spatial regression model was found to 
be superior to the hierarchical linear model in terms of goodness of fit. This study 
offers technical support and policy guidance for village-level regional development.
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Introduction

Regional poverty is one of the most severe challenges faced by the inter-
national community. Regional poverty has been widely studied by scholars 
across the globe, and China has made a significant contribution to global pov-
erty reduction through its precision poverty alleviation policy (Dunford et  al., 
2019; Wang & Chen, 2017). However, poverty is still regional, relative, and 
dynamic (Wang et al., 2019). It is still an arduous task to alleviate relative pov-
erty and to maintain stable poverty alleviation after 2020 despite the current 
rapid development of social poverty reduction actions. Ambitious programmes 
are required, such as the United Nations 2030 Sustainable Development Goals 
policy or the comprehensive rural rejuvenation programme proposed by the 
Chinese government. In  recent years,  poverty  in  rural China,  especially  in con-
tiguous poverty-stricken areas,  has  changed  from a singular economic prob-
lem to  a  complex  and  diverse  problem  because  of  great  changes  in  rural soci-
ety and rapid growth in economics (Jiang et al., 2020). Academics are required to 
seriously consider poverty issues and to propose new coping models and methods 
for improving the relevance and practicability of research. A key role in the accu-
rate implementation of anti-poverty policies is to correctly evaluate the devel-
opment of anti-poverty and to accurately detect the factors related to its causes. 
Accurately detecting the causes of poverty and their mechanisms has become the 
focus of current research in the field of poverty alleviation to provide guidance 
and support for the precise determination of why poverty occurs and approaches 
for reducing the impacts of poverty-causing factors.

Many experts and scholars have attempted to explore the causes of poverty 
from different views using different methods (Carneiro et al., 2016; Wang & Qian, 
2017; Aristondo, 2018; Skare et al., 2018; Boemi & Papadopoulos, 2019). These 
existing studies have been mostly based on traditional single-level linear or spa-
tial statistical regression models, such as orthogonal least squares (OLS) regres-
sion, least squares regression, multiple linear regression, and spatial regression 
models (Behruz et al., 2014; Guo et al., 2018; Peirovedin et al., 2016; Thongdar 
et  al., 2012). These studies examined candidate poverty-contributing factors on 
a single level and only considered the individual factors at the dependents’ lev-
els that could be used to identify the self-development characteristics of the poor 
populations or poor areas; however, these studies ignored the influences of those 
factors identifying their surrounding environment in which they live on their sus-
tainable development (Kim, 2019; Kwadzo, 2015; Odhiambo, 2019).

Furthermore, recent studies have been directed towards investigating multidi-
mensional and multilevel poverty-contributing factors. For example, Kim et  al. 
(2016) examined the geographical background factors of poverty from three 
levels: family, village, and state. Ward (2016) analysed the transference of rural 
economic poverty using balanced panel data. These studies have proven that 
poverty-causing factors are no longer limited to individual characteristics. There 
may be multilevel factors; that is, the poverty status of the poor may be affected 
not only by multidimensional factors such as family characteristics and economic 
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development at the individual level but also by multidimensional background 
factors poverty-stricken people depend on at higher levels, such as economic 
development, social development, the ecological environment, and so on (Alkire, 
2019; Boemi & Papadopoulos, 2019; Ibrahim et  al., 2016; Jiang  et al., 2020; 
Liang et al., 2019; Mowat, 2019). This indicates that the occurrence of poverty 
is driven by both the individual effects (i.e., variations caused by individual char-
acteristics) and background effects (i.e., group effects or pond effects, which refer 
to variations caused by an individual’s environment) of poverty-causing factors 
at different levels (Jiang et al., 2020; Ma et al., 2018; Park & Nam, 2018; Wang 
et al., 2019).

Therefore, some other studies have used the hierarchical linear model (HLM) to 
study both individual and background effects. For example, Chen et al. (2015) used 
this model to explore the poverty-related factors of families in Taiwan at both the 
household level and the regional level. Ren et al. (2017) used this model to study 
the factors causing poverty in counties in contiguous destitute areas of China at both 
the county and district levels. Wang et al. (2019) used this model to explore village-
level regional development differences at both the village level and the county level. 
However, related studies have shown that there may be spatial effects in the evo-
lution of poverty; the occurrence of poverty may be affected by the development 
of other spatially adjacent individuals in the region, resulting in spatial aggregation 
(Wang et  al., 2019). This effect can cause heterogeneity with different degrees of 
poverty alleviation based on spatial proximities among poverty-stricken villages and 
may also have an influence on the detection of poverty-related factors (Liang et al., 
2019; Su et al., 2019). In this case, the objectivity and reliability of the results of 
current studies need to be further examined due to their neglect of spatial effects 
(i.e., spatial dependence and spatial heterogeneity). In addition, among the existing 
quantitative studies of poverty-related factors, most studies in China and globally 
have taken provincial, municipal, county, village and other geographic unit scales 
as the identifying objects (Alkire, 2019; Carneiro et  al., 2016; Kim et  al, 2016; 
Michalek & Madajova, 2019; Wang & Chen, 2017; Ward, 2016), and there are few 
studies that have used administrative villages as research units due to limitations in 
data availability. These administrative villages are the smallest regional adminis-
trative unit for which regional poverty alleviation measures can be implemented in 
China. Furthermore, these units can have more effective impacts on regional poverty 
alleviation than other higher-level units, such as counties and provinces.

From the new, combined perspectives of the multilevel comprehensive detection 
of poverty-contributing factors, this study selects poverty-stricken villages as the 
basic measurement units (microlevel) and selects counties as the background level 
(meso-administrative level), considers the nested geographic and administrative fea-
tures between county units and village units, and attempts to improve the HLM and 
to construct a hierarchical spatial linear model (HSLM) that considers the combined 
influences of the individual, background, and spatial effects of poverty-related fac-
tors on poor villages. Furthermore, this study attempts to answer the following three 
questions by using an empirical study from the region of the Wuling Mountains 
in China. (1) Do background effects and spatial effects exist? If so, how can the 
impacts of spatial effects on the detection of poverty-causing factors be mitigated 
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while background effects are taken into account? (2) What are the significant pov-
erty-causing factors at each level in the study area, and how do these poverty-caus-
ing factors interact among different levels? (3) Does the HSLM perform better than 
the HLM in the detection of poverty-causing factors? By doing so, this study can 
not only reveal the multilevel effects of poverty-causing factors but can also further 
highlight the scientificity and accuracy of the new model in the detection of poverty-
causing factors and provide more scientific and reasonable support for the imple-
mentation of precise policy measures for poverty alleviation.

Study Area and Data Source

Study Area

This paper selects the contiguous poverty-stricken areas of the Wuling Mountains as 
the research area, as shown in Fig. 1. As one of the 14 contiguous poverty-stricken 
areas designated by the Chinese government and one of the main battlefields for 
rural poverty alleviation in the new stage of sustainable development and overall 
revitalization, this region is known as a “hard bone” in current targeted poverty alle-
viation measures. This area is located at the junction of Hubei, Hunan, Chongqing, 
and Guizhou. The study area features complex terrain, a large interface with other 
provinces and cities, many ethnic minorities, and a wide distribution of impover-
ished residents. The study area includes 71 counties, including 11 counties in Hubei 
Province, 37 counties in Hunan Province, 7 counties in Chongqing city, and 16 

Fig. 1   Study area
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counties in Guizhou Province. A total of 11,303 impoverished villages in the study 
area have been involved in the "village promotion" list. Poverty has been historically 
prevalent in the study area. The area has a low level of economic development, weak 
infrastructure, a fragile ecological environment, and uneven regional development.

Data Sources

The individual sample data for the poverty-stricken villages used in this study come 
from the study area’s “Entire-Village Advancement” archived village dataset, which 
was issued in 2013 by China’s State Council Leading Group Office of Poverty Alle-
viation and Development (COPAD). Given that COPAD data are not open to the 
outside world due to China’s population data privacy, a stratified sampling method 
was used to extract 1,482 poverty-stricken villages from the data source as sample 
objects. This was necessary to ensure the representativeness and full coverage of the 
samples. Other socioeconomic statistics were obtained from the statistical yearbooks 
of the study area in 2013. All these data identified the socioeconomic development 
information of each village and county in the study area, e.g., the production and liv-
ing conditions, social security, medical and health facilities, road infrastructure, eco-
nomic income, education and school, and land resources of each village and county.

The geographic data included a 1:250,000 national geographic dataset and 
90-m-resolution digital elevation models. The ecological data at the county level 
were obtained using a comprehensive calculation method (Cao et  al., 2016). The 
meteorological data, temperature data, and other thematic data came from the Earth 
System Science Data Sharing Platform of China (www.​geoda​ta.​cn). Moreover, we 
obtained the vector locations of the poverty-stricken villages from the Baidu Map 
API by using the geographic address interpretation method.

We pre-processed all of the above geographic and socioeconomic data by joint 
adoption of georeferencing, vectorization, stitching, clipping, and other meth-
ods in ArcGIS 10.2. The original data were standardized by the adoption of range 
normalization.

Methods

Basic Idea

If multiple poor villages belong to the same county administratively, then these vil-
lages tend to share certain socioeconomic development and geographical environ-
ment characteristics. Observations from the individual villages are not fully inde-
pendent; indeed, these neighbouring villages tend to be more similar than randomly 
derived villages sampled from the entire county are, and are thus not fully independ-
ent (Wang et al., 2019).

However, most analytic techniques (e.g., OLS) require the independence of 
observations as a primary assumption for regression analysis, and this assump-
tion that observations should be independent is violated in the presence of 
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hierarchical data (Graves, 2011). Furthermore, this fact may be ignored and may 
severely inhibit the validity of a study’s results when some form of multilevel 
modelling is not adopted. Due to possible spatial or background effects, the var-
iations between individuals may be mutated (Wang et  al., 2019). In fact, only 
by concentrating on individual effects while ignoring background and spatial 
effects would individual villages be seen as independent of each other. In this 
situation, against the assumption of independence, the poverty similarity degree 
of intragroup individuals with similar backgrounds would be higher than that of 
intergroup individuals with different backgrounds; these results would cause the 
correlation coefficient between the independent and dependent variables to repre-
sent an incorrect result, increasing the mistake probability because the observed 
effects would include both individual and group effects. On the other hand, if a 
model only pays attention to group effects but ignores individual effects, allowing 
the independent variables to work only at the second level, it thus loses important 
individual information.

In this context, regression models with random effects or spatial effects are 
becoming increasingly popular in the statistical analysis of data. HLM is an effective 
statistical method for processing data with nested structures. HLMs, also referred to 
as mixed-effect models, random-effect models or multilevel linear models, separate 
the variance in the explanatory (independent) variables into individual variations 
and intergroup defences and analyses the action modes and intensities of different 
levels of independent variable effects on the response (dependent) variables. Mean-
while, it allows the intercepts (means) and slopes (relationships between independ-
ent variables and dependent variables) to vary between higher level units (Graves, 
2011). This variability can then be modelled by treating the group intercepts and 
slopes as dependent variables in the next level of analysis.

Although the traditional HLM can effectively deal with background effects and 
can analyse the degree and difference in the independent variable’s effect on the 
dependent variable at different levels (Wang et al., 2019), it cannot reduce the spa-
tial effects among independent variables. A so-called spatial effect refers to the phe-
nomenon of material, energy and information redistribution and transmission com-
plexity in geographical systems caused by differences in surface structure and the 
transformation of spatial patterns. Spatial effects indicate the surface gathering and 
dispersing organization of economic and social activities and their processes, and 
these spatial processes are actually processes of migration. In short, a spatial effect 
comprises the different responses of geographical locations to various social and 
economic affairs that result in various effects on the properties of objects, reaction 
mechanisms, and reaction speeds. Understanding the influences on these reactions is 
sometimes helpful, which is called the spatial assisted effect; sometimes these reac-
tions are hindered, which is called the spatial blocking effect. Spatial effects can 
be expressed different aspects., e.g., the redistribution of material and energy by 
surface morphology; the geographical flow caused by the imbalances of the land 
surface causes different performances with changes in the distance from the cen-
tre; the unequal effects of product distribution and social consumption due to space; 
the formation, expression and influence of the spatial geographical field; the laws of 
energy, matter and movement in non-equilibrium space, and so on.
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Indeed, spatial effects refer to spatial dependence in empirical data, including spa-
tial autocorrelation and spatial heterogeneity. Spatial dependence can arise because 
of an omitted variable that is correlated with the spatial locations of sample data, for 
example, uncaptured county characteristics. Spatial dependence can take the form of 
spatial heterogeneity of observations, as some farms are located in primarily rural 
areas, while other farms are located in suburban areas (Seo, 2016). In this study, if the 
explanatory variables of the impoverished villages are related and not independent, 
it may lead to the existence of spatial effects on both the overall spatial dependence 
and local spatial heterogeneity of the poverty incidence. Ignoring these spatial effects 
will cause errors or deviations in the model estimation results (Buonanno et al., 2012). 
Therefore, the first prerequisite step before HLM modelling is to detect the signifi-
cance of the spatial effects before determining the poverty-causing factors. If the spa-
tial effects are significant, then we need to reduce the impacts of the spatial effects on 
the detection accuracy of the poverty-causing factors in the model.

Therefore, in terms of the disadvantage that most previous research on poverty 
was conducted on a large regional scale and the detection of poverty-causing factors 
ignored the background effects or spatial effects of the studied groups, this study 
attempts to establish a bilevel spatial hierarchical linear model (HSLM) to explore 
the combined influences of the surrounding county-level socioeconomic and envi-
ronmental factors at the neighbourhood level and the socioeconomic variables at the 
regional village level on the poverty incidence in villages. Specifically, poverty inci-
dence was used as the dependent variable. By using an empirical test, this study first 
examines the spatial effects and background effects that may exist in the distribution 
of poverty-stricken villages, and an improved hierarchical spatial linear model (i.e., 
HSLM) is then built to attempt to detect the background effects while weakening 
the possible impacts of the spatial effects to more accurately reveal the significant 
poverty-contributing factors and their action mechanisms between the village level 
and the county level.

Prerequisite Test of HSLM Modelling: Detection of Spatial Effects

For both poverty reduction and the development of poverty-stricken villages, there is 
a certain degree of mutual influence between geographically adjacent villages. This 
mutual influence is related to the spatial distance between villages. The distance 
between villages reflects a certain spatial effect and exhibits a certain degree of spa-
tial dependence and spatial heterogeneity (Goodchild et al., 2000; Su et al., 2019). 
In the detection of poverty-related factors, significant spatial effects such as spatial 
dependence and spatial heterogeneity are likely to affect the detection process and 
lead to inaccurate detection results. To respond, this study uses spatial autocorrela-
tion, i.e., global spatial autocorrelation statistics (Moran’s I) and local spatial auto-
correlation statistics (Getis-Ord index, Gi*), in GIS to detect the significance levels 
of the spatial dependence and spatial heterogeneity of poverty distribution in the 
study area, respectively. The spatial autocorrelation definition in GIS measures the 
degree to which objects can be compared to proximate objects and helps clarify the 
degree to which a given object is similar to other nearby objects. The global Moran’s 
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index (Moran’s I) and local index of spatial association (Gi*) are two such spatio-
statistical measures that have been proven useful for examining spatial aggregation 
distributions (Goodchild et al, 2000, Wang et al., 2018).

Moran’s I can reflect the spatial dependency characteristics of spatial data in the 
entire study area to an extent. Gi* can reflect the local clustering characteristics of 
spatial data (or the spatial heterogeneity characteristics) in the study area (Das & 
Ghosh, 2017; Liu et al, 2019). The calculation formula for Moran’s I is shown in 
formula (1) (Getis & Ord, 1992).

In the formula, i and j represent village numbers, and i is not equal to j; N is the 
number of villages; x is the poverty incidence of the village; and w is the spatial 
weight matrix. Moran’s I is generally between -1 and 1. A Moran’s I value closer to 
1 suggests that there is a closer relationship and more significant spatial dependence 
between the villages.

The calculation formula for Gi* is shown in formula (2) (Getis & Ord, 1992).

In the Formula, i and j Represent Village Numbers, And I is Not Equal to j; n is the 
Number of Villages; x is the Poverty Incidence of the Village; and w is the Spatial 
Weight Matrix. Gi* is Normalized to Acquire Z, Which is Shown in Formula (3).

E(Gi*) represents the expectation of Gi and Var (Gi*) represents the variance of 
Gi*. In spatial autocorrelation, the null hypothesis is rejected at the 5% confidence 
level when the absolute value of Z is greater than 1.96. This suggests that there is a 
spatial autocorrelation of poverty incidence. Moreover, a large absolute value for Z 
suggests that there is significant spatial heterogeneity.

HSLM Modelling

To take into account individual villages’ poverty degrees, adjusted for group varia-
tions, as well as predictions of group villages’ poverty degrees, adjusted for individ-
ual variations within groups, a new model, the HSLM, was proposed based on the 
HLM to systematically detect significant poverty-causing factors and their mecha-
nisms at different levels. The HSLM was constructed to analyse data with nested 
geographic and administrative structural features, in which lower-level village analy-
sis units are nested within higher-level county analysis units, based on the candidate 
set of indicators of poverty-related factors at the village and county levels.

(1)Moran�sI =
N∑
ij wij

∑
i

∑
j wij(xi − x)(xj − x)
∑

i (xi − x)2

(2)G∗

i
=

∑n

j≠i
WijXj∑n

j≠i
Xj

(3)Z =
G∗

i
− E(G∗

i
)

√
Var(G∗

i
)
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Although the HSLM can be used on data with many levels, we will only build 
2-level models to detect the poverty-contributing factors in the villages in this study 
due to the limited data availability. The lowest level of analysis is level 1 (L1, village 
level), and the second lowest level is level 2 (L2, county level). The village level 
corresponds to the individual level, and the county level corresponds to the back-
ground level. By adopting HLM7.0, we will systematically examine the multilevel 
factors that affect the sustainable development of poor villages at both the village 
and county levels, as well as the action mechanisms of these factors as they affect 
the development of poverty-stricken villages.

Candidate Indicator System

The regional poverty degree of a village is affected not only by its own individ-
ual factors, such as the economic development, social development and ecological 
environment at the individual village level, but also possibly by the surrounding 
environment of the village, such as the economic, social and environmental factors 
at a higher county level. Moreover, the “Entire-Village Advancement” strategy in 
rural China was a key targeted measure for poverty alleviation, aiming to eliminate 
spatial poverty traps and ensure the eradication of poverty by 2020. This strategy 
clearly required that poverty alleviation measures in administrative villages should 
be comprehensively promoted from the combined perspectives of improving living 
standards and improving the ecological environment and social and economic devel-
opment. Therefore, the candidate indicator system of poverty-causing factors at dif-
ferent scales in this study should be considered from the above combined perspec-
tives to ensure the sustainable development of the studied villages. During selection 
of the candidate indicator system, we also adopted principles such as typicality, rep-
resentativeness, and availability, and a candidate set of indicators was constructed 
that included dimensions based on the village level (micro level) and county level 
(meso level) as well as the actual characteristics of the study area at different levels.

As shown in Table 1, we proposed that there were five dimensions at the village 
level, including the geographical environment, demographics, production and living 
conditions, labour status, and medical facilities and social security. The reasons for 
the selection of these five dimensions are as follows: the geographical environment 
reflects the living environment in the countryside, and a better living environment 
is associated with improved village development. The demographic characteristics 
can reflect the distribution of resources, and a larger village population results in 
fewer resources per capita and lower village development. The production and liv-
ing conditions indicate the ability of villagers to meet their own needs, and a higher 
production capacity can lead to higher incomes. A village’s living conditions reflect 
the development of infrastructure in the village. The labour status of a village can 
indicate the villagers’ abilities to obtain income and support themselves. Medical 
facilities and social security can reflect the status of social welfare, which can help 
to alleviate health conditions and reduce mortality rates. Moreover, a higher rate of 
coverage leads to less pressure on villagers.

In the same way, based on the principles of the typicality, representativeness and 
accessibility of the selected indicators combined with the actual characteristics of 
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the study area at different scales, the candidate poverty-causing factors at the county 
scale include three dimensions: economy, society and ecology. The indicators of the 
economic dimension can directly reflect the overall economic development level and 
poverty status of each county. The indicators of the social dimension serve to indi-
cate the farmers’ living burdens and living conditions. The indicators of the ecologi-
cal dimension indirectly reflect poverty by influencing sustainable production and 
the living conditions of farmers.

For the independence of the candidate indicators, this study uses the coefficient 
of variation method and collinearity detection to screen the village-level and county-
level indicators to ensure that the retained indicators are independent. As a result, 12 
indicators were retained at the village level, and 11 indicators were retained at the 
county level (Table 1).

Constructing the HSLM for the Detection of Poverty‑Causing Factors

The poverty incidence of a village is affected by both village-level and county-level 
factors since each village is nested within a county. Therefore, it is necessary to con-
struct a multilevel regression model to detect the significant poverty-related factors 
and their mechanisms at different levels. Additionally, there may be spatial effects in 
the study area that may impact the detection of poverty-related factors to a certain 
degree. Therefore, this study uses the poverty incidence values of poverty-stricken 
villages as the dependent variable, considers the factors at the village and county 
levels to be the explanatory variables, and attempts to improve the traditional hier-
archical linear model to reduce the impacts of spatial effects and more accurately 
detect the factors of poverty. This study introduces a spatial weight matrix (W) 
that measures the distance between villages as the coefficient of the village-level 
explanatory variable (X) (Solmaria & Paul, 2015). A new explanatory variable (WX) 
is then obtained that includes the relationship between villages. WX is included in 
the traditional hierarchical linear model to reduce the interference of spatial effects, 
thereby obtaining the hierarchical spatial linear model (HSLM).

Referring to the classic HLM modelling process (Dunifon, 2005; Graves, 2011; 
Jiang et al., 2020), the HSLM modelling process used in this study is divided into 
a series of steps. First, the null model (Model I), that is, a hierarchical regression 
model that does not contain any explanatory variables, is constructed to explore 
whether there is a background effect on the poverty incidence in poverty-stricken 
villages. Second, if a significant background effect on poverty incidence in the study 
area is determined to be present, a random effect regression model (Model II) that 
considers spatial effects is constructed. The village-level explanatory variable (WX) 
is added to the first level to explore the significant factors at the village level and 
their action mechanisms. Finally, the full model (Model III) is constructed, in which 
the explanatory variables at the village level and county level are added to the first 
level and second level of the model, respectively, to explore all significant factors at 
the county level and the interaction mechanisms between the two levels.

(1) Model I- null model: Examining individual and background effects

Y. Wang et al.982
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First, the null model is constructed, and variance component analysis is used 
to judge the individual effects at the village level and the background effects at 
the county level. The intraclass correlation coefficient (ICC) is the proportion of 
variance between groups in the total variance. This measurement is introduced 
to determine the proportion of the difference between the second level (group) 
and the overall difference associated with the dependent variables. Moreover, the 
ICC is used to determine the differences among counties in their proportions of 
poverty incidence to the overall difference. More specifically, after implementing 
a likelihood ratio test to verify the significance of the ICC, the ICC could be used 
to verify whether there is a significant background effect at the county level asso-
ciated with poverty-related factors in the study area. According to Wang et  al. 
(2019), it is necessary to add county-level factors to the model to explore their 
impacts on poverty incidence in poverty-stricken villages when the ICC is greater 
than 0.059. A larger ICC value is associated with a more significant background 
effect. The null model and the variance proportion formula are shown in Table 2.

(2) Model II- random effect regression model: Identifying significant poverty-
causing factors at the village level

A random effect regression model that considers spatial effects was used to 
detect significant factors at the village level. Significant spatial effects were found 
in the study area using spatial effect detection. The significant county-level back-
ground effect on poverty incidence was verified through the null model. The vil-
lage-level explanatory variables were then added to the first level in the random 
effect regression model, and no explanatory variable was added in the second 
level (Table 3).

The spatial weight matrix (W) defines the adjacent relationships between spa-
tial units and determines the degree to which the characteristics of any spatial unit 
contribute to adjacent spatial units. A binary symmetric matrix is usually used to 
express the adjacent relationship between n spatial units (Dong et al., 2019).

Table 2   Null model and 
variance proportion formula

1) i represents the village and j represents the county; β0j is the aver-
age value for Yij; γ00 is the average value for β0j; β0j and γ00 are fixed 
effects; rij is the random effect of Yij and represents variation at the 
village level; μ0j is the random effect of β0j and represents variation 
at the county level; Yij is the poverty incidence in poverty-stricken 
villages; Xij is the explanatory variable at the village level; and Z1j 
is the explanatory variable at the county level. 2) The term repre-
sents the differences between villages within a county; the term�2

uo

represents the differences between counties; and ρ and ICC represent 
the proportion of the variance at the village level and county level, 
respectively. A larger ICC value is associated with a more significant 
county-level background effect on poverty incidence

Level Null model Variance proportion

Level 1
(village level)

Yij = �0j + rij Village level
� =

�2
eo

�2
eo
+�2

uo

Level 2
(county level)

�0j = �00 + �0j County level ICC =
�2
uo

�2
eo
+�2

uo
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According to Tobler’s first law, the correlation between features is inversely 
proportional to the distance between them. Therefore, the inverse of the Euclid-
ean distance (Wij) was chosen to reflect the neighbourhood relationships between 
poverty-stricken villages. The inverse distance spatial weight method means that 
objects close to each other are more similar than objects far away from each other. 
In other words, the closer two objects are, the more similar their properties are. In 
contrast, the farther two objects are from each other, the less similar they are. In 
this case, the closer neighbouring villages of a target village will have a greater 
influence on the target village than neighbouring villages that are farther away. 
Wij is calculated using formula (3):

where i and j represent two different villages; d is the distance between the two vil-
lages; and Wij is equal to Wji.

Intervillage relations have a direct impact on poverty incidence since villages 
are used as the basic units in this study. The hierarchical model mainly considers 
the impact of the highest level on the lowest level. Therefore, this study only con-
sidered the spatial effects at the village level. The improved random effect regres-
sion model is shown in Table 3.

(3) Model III- full model: Revealing comprehensive significant factors of pov-
erty and their interaction mechanisms between the village and county levels

Based on the above random effect regression model (Model II), the county-
level explanatory variables were added to the second-level equations of the 
model to build the full model, as shown in Table 4. The full model can explore 

W =

⎡
⎢⎢⎢⎣

W
11

W
12

W
13

W
14

W
21

W
22

W
23

W
24

… … … …

Wn1 Wn2 Wn3 Wnn

⎤
⎥⎥⎥⎦

(4)Wij =
1

da
ij

Table 3   Random effect regression model

1) i and j represent the village and county, respectively; β0j is the average value of Yij; γ00 and γ10 are the 
average values of β0j and β1j, respectively; β1j is the fixed effect that represents the regression slope of 
WXij; rij is the random effect of Yij that represents the variation at the village level; μ0j and μ1j are the ran-
dom effects of β0j and β1j, respectively, and represent the variation at the county level; Yij is the poverty 
incidence in poverty-stricken villages; and Xij is the explanatory variable at the village level
2) W is the inverse distance spatial weight matrix for poverty-stricken villages (this paper assumes that 
there is at least one neighbouring village around each poverty-stricken village)

Level Random effect regression model

Level 1
(village level)

Yij = �0j + �1jWXij + rij

Level 2
(county level)

�0j = �00 + �0j

�1j = �10 + �1j

Y. Wang et al.984
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significant factors at the county level and the interaction mechanisms between the 
village level and county level.

Additionally, the variance ratio formula can be used to detect the degree of 
explanation of the poverty incidence at each level. This formula can also explain 
the influences of county-level factors on the village-level regression coefficients. 
The calculation of the variance ratio is shown in formula (4):

where z represents the variance ratio; x represents the original variance, which is the 
variance component present in the random effects before the explanatory variable is 
added; and y represents the conditional variance, which is the remaining variance 
component in the random effects after the explanatory variable is added.

Results and Analysis

Test Results of the Spatial Effects of Poverty‑Causing Factors

Table 5 displays the statistics calculated using the global spatial autocorrelation and 
local autocorrelation methods. Moran’s I was 0.134, and the p-value was 0.000. These 
values suggest that there was significant spatial dependence in the study area. Gi* was 
0.001, and the z-value was 4.525. The z-value was much greater than 1.96 and was 
significant at the 0.001 level. The Gi* value and the z-value indicate that there was an 
obvious local spatial aggregation phenomenon present; namely, there was significant 
spatial heterogeneity in the study area.

The aggregation state of poverty-stricken villages is visualized in Fig. 2. The pov-
erty-stricken villages in the study area were found to present a local aggregation state. 

(5)z =
x − y

x

Table 4   Full model

Yij is the poverty incidence of poverty-stricken villages; Xij is the explanatory variable at the village level; 
Z1j is the explanatory variable at the county level; γ01 and γ11 are the regression slopes of Z1j; and W is the 
inverse distance spatial weight matrix of poverty-causing villages. The other parameters are the same as 
those in Table 3

Level Null model

Level 1
(village level)

Yij = �0j + �1jWXij + rij

Level 2
(county level)

�0j = �00 + �01Z1j + �0j

�1j = �10 + �11Z1j�1j

Table 5   Results of the detection 
of spatial effects

Spatial dependence Spatial heterogeneity

Moran’s I z-value p-value Gi* z-value p-value

0.134 13.486 0.000 0.001 4.525  < 0.001

Examining Multilevel Poverty Causing Factors in Poor Villages:…‑ 985
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More specifically, there was significant spatial heterogeneity in the study area, and it 
was identified that spatial factors objectively influenced the distribution of villages with 
different degrees of economic development. This also means that the impact of each 
variable on the poor villages in the study area was heterogeneous. Therefore, it is nec-
essary to build a hierarchical spatial linear model to reduce the influences of spatial 
dependence and spatial heterogeneity on the detection of poverty-related factors.

Multilevel Comprehensive Poverty‑Causing Factors in Poverty‑Stricken Villages

The poverty-causing factors in the study area were analysed according to the estima-
tion results from the null model, the random effect model, and the full model.

Individual and Background Effects of Poverty‑Causing Factors

Before conducting analysis with the null model, we adopted HLM software to 
implement a likelihood ratio test and verified the significance of the ICC. The 
degree of freedom (DF) was 46. The chi-square value was 1246.884, and the P-value 
was 0.000. Therefore, a high ICC value (51.72%) proved the existence of contex-
tual effects. The results estimated by the null model are displayed in Table 6. The 

Fig. 2   Clustering effect 
observed in poverty-stricken 
villages

Y. Wang et al.986
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variation ratio for ρ was 48.28%, which indicates that 48.28% of the overall differ-
ence in poverty incidence resulted from differences between villages. In other words, 
there was a significant individual effect on poverty incidence in the study area. The 
random effect (U0) at the county level was found to be significant. The variance ratio 
for the ICC was 51.72%, which indicates that 51.72% of the overall difference in 
poverty incidence resulted from differences between counties. There was a signifi-
cant background effect on poverty incidence in the study area.

From the above, it can be seen that, overall, the poverty incidence of poverty-
stricken villages in the study area was affected by factors at the village and county 
levels. Therefore, it was necessary to construct the hierarchical spatial linear model 
(HSLM) to detect poverty-related factors due to the significant spatial and back-
ground effects associated with the poverty incidence of each village.

Multi‑Level Poverty‑Causing Factors

(1) Village level
The estimation results of the random effect regression model are shown in 

Table 7. Among the village-level explanatory variables, five variables had statistical 
significance. These included the terrain type (X12), per capita cultivated land area 
(X31), safe drinking water access ratio (X35), labour force ratio (X41), and ratio of 

Table 6   Detection results of the 
null model

*p < 0.05, **p < 0.01,***p < 0.001

Fixed effect Random effect Variance ratio

G00 0.0622*** R 0.0014 Village level (ρ) 48.28%
U0 0.0015*** County level (ICC) 51.72%

Table 7   Estimated results of village-level variables from the random effect regression model

Explanatory variables Parameter Coefficient Standard error T-ratio

B0 0.0628 0.0059 10.630***
X11 (Distance from the nearest town’s bazaar) B1 0.3002 0.1373 2.187*
X12 (Terrain type) B2 0.0368 0.0086 4.294***
X13 (Frequency of natural disasters) B3 0.0104 0.0153 -0.682
X21 (Population density) B4 0.0476 0.0316 1.506
X31 (Per capita cultivated land area) B5 -1.2888 0.4352 -2.961**
X32 (Road access ratio) B6 -0.0006 0.0119 -0.048
X34 (Phone access ratio) B7 -0.0096 0.0058 1.651
X35 (Safe drinking water access ratio) B8 -0.0598 0.0181 -3.306**
X41 (Labour force ratio) B9 -0.0518 0.0227 -2.279*
X42 (Migrant labour force ratio) B10 -0.0048 0.0062 -0.778
X43 (Ratio of illiterate labour forces) B11 -0.0059 0.0038 1.560
X52 (Ratio of population enrolled in the new 

rural basic pension insurance)
B12 -0.0376 0.0182 -2.071*

Examining Multilevel Poverty Causing Factors in Poor Villages:…‑ 987
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population enrolled in the new rural basic pension insurance in the village (X52). 
The regression coefficients of each variable can be ranked in ascending order as fol-
lows: the per capita cultivated land area (-1.2888), safe drinking water access ratio 
(-0.0598), labour force ratio (-0.0518), ratio of population enrolled in the new rural 
basic pension insurance in the village (-0.0376), and type of terrain (0.0368).

There was a significantly negative correlation between per capita cultivated land 
area and poverty incidence. A larger per capita cultivated land area was associated 
with a lower poverty incidence. This variable reflects the material basis of villager 
survival, and increasing the per capita cultivated land area is helpful for increasing 
villager income. The safe drinking water access ratio was found to be negatively 
correlated with poverty incidence; a higher safe drinking water access ratio is asso-
ciated with a lower poverty incidence. The proportion of safe drinking water can 
reflect improvements in social infrastructure. A complete social infrastructure can 
improve the convenience of access to water resources, which can reduce the poverty 
incidence. The labour force ratio was found to have a significantly negative correla-
tion with poverty incidence, which suggests that a higher labour force ratio led to a 
lower poverty incidence. The labour force ratio can reflect the ability of villagers to 
obtain income. Moreover, a higher labour force ratio for a village is associated with 
a greater income level in that village. This can help reduce the possibility of villag-
ers falling into poverty, thereby reducing the poverty incidence. There was a signifi-
cantly negative correlation between the ratio of the population enrolled in the new 
rural basic pension insurance in each village and the poverty incidence. A higher 
ratio of the population enrolled in the new rural basic pension insurance was asso-
ciated with a lower poverty incidence. This reflects the impact of national welfare 
on the development of poverty-stricken villages. National welfare can help improve 
quality of life, and higher welfare coverage is related to improved living conditions. 
There was also a significantly positive correlation between terrain type and poverty 
incidence, indicating that complex terrain is associated with a higher poverty inci-
dence. Moreover, this type of terrain can affect agricultural output. For example, 
plateau regions are not conducive to agricultural production and can reduce agricul-
tural output and villager income.

The random effect estimation results from the null model and the random effect 
regression model are displayed in Table 8. The variance ratio was 14.29% at the vil-
lage level. This suggests that village-level factors could explain 14.29% of the differ-
ences in poverty incidence among villages.

(2) County level
The results of the full model are provided in Table 9. Among the county-level 

explanatory variables, five variables were found to be statistically significant. These 

Table 8   Variances from the 
null model and random effect 
regression model at the village 
level

Variance component Standard deviation

Null model 0.0014 0.0375
Random effect 

regression model
0.0012 0.0345

Variance ratio 14.29%
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included the per capita income (Z12), gross enrolment rate in the first three years 
(Z21), ratio of poverty-stricken villages with passenger buses (Z26), vegetation cover-
age (Z32), and terrain relief (Z33). The regression coefficients can be listed in ascend-
ing order as follows: the per capita income (-0.2288), gross enrolment rate in the 
first three years (-0.1398), vegetation coverage (-0.1289), ratio of poverty-stricken 
villages with passenger buses (-0.0953), and terrain relief (0.1815).

There was a significantly negative correlation between per capita income and 
poverty incidence, which indicates that higher per capita income was tied to lower 
poverty incidence. Per capita income can reflect the level of regional economic 
development. A higher level of economic development can lower the possibility of 
villagers falling into poverty. There was a significantly positive correlation between 
terrain relief and poverty incidence, indicating that greater terrain relief was asso-
ciated with a higher poverty incidence. Terrain relief can reflect the topographic 
conditions of a landscape. A greater degree of terrain relief is unfavourable to agri-
cultural production and can reduce agricultural output values and villager incomes, 
thus increasing the possibility of villagers falling into poverty. The gross enrolment 
rate in the first three years was found to be negatively correlated with poverty inci-
dence, which indicates that a larger gross enrolment rate was associated with a lower 
poverty incidence. The gross enrolment rate in the first three years can indicate the 
degree of education in a region. Education should start with young children to ensure 
higher attendance rates. This is necessary for achieving long-term development in 
the studied region and for reducing the possibility of children falling into poverty in 
the future. Vegetation coverage was found to be negatively correlated with poverty 
incidence, indicating that higher vegetation coverage led to a lower poverty inci-
dence. The amount of vegetation coverage can reflect the ecological environment 

Table 9   Estimation results of county-level variables from the full model

*p < 0.05, **p < 0.01,***p < 0.001

Explanatory variables Parameter Coefficient Standard
error

T-ratio

G00 0.0634 0.0040 15.916***
Z11 (Per capita GDP) G01 -0.0540 0.0593 0.911
Z12 (Per capita income) G02 -0.2288 0.0951 -2.407*
Z21 (Gross enrolment rate in the first three years) G03 -0.1398 0.0413 3.383**
Z22 (Secondary gross enrolment ratio) G04 -0.0545 0.0356 -1.533
Z22 (Number of hospital beds per ten thousand people) G05 -0.0031 0.1005 0.031
Z24 (Number of health workers per ten thousand 

people)
G06 -0.1018 0.0502 -2.029

Z25 (Ratio of poverty-stricken villages with cement or 
asphalt roads)

G07 -0.0162 0.0356 0.455

Z26 (Poverty-stricken villages with passenger buses) G08 -0.0953 0.0432 2.208*
Z31 (Altitude) G09 0.0799 0.0555 1.441
Z32 (Vegetation coverage) G10 -0.1289 0.0327 3.944***
Z33 (Terrain relief) G11 0.1815 0.0604 3.006**
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of a region. High vegetation coverage can reduce wind erosion of soils as well as 
the frequency of natural disasters and the damage caused by natural disasters. As a 
result, vegetation coverage can lessen the economic and cultural impacts of natural 
disasters. There was also a significantly negative correlation found between the ratio 
of poverty-stricken villages with passenger buses and poverty incidence, indicating 
that a higher ratio was tied to a lower poverty incidence. This variable reflects the 
ability of members of a region to communicate with the outside world. Convenient 
transportation is conducive to regional development. Transportation also promotes 
local economic development and increases opportunities for villagers to escape from 
poverty.

The random effect estimation results from the null and full models are dis-
played in Table 10. The variance ratio at the county level was 40%. This suggests 
that county-level factors could explain 40% of the differences in poverty incidence 
among counties.

Interaction Mechanisms of Poverty‑Causing Factors Between the Village Level 
and County Level

The variance estimation results of the random effect regression model are displayed 
in Table 11. The variances of the regression coefficient of the frequency of natural 
disasters (U3) and the variances of the regression coefficient of the per capita cul-
tivated land area (U5) were found to be significant, indicating that the impacts of 
these two indicators on the poverty incidence varied significantly among different 
counties. In the second level of the full model, the county-level explanatory vari-
ables were added to the regression coefficient (B3) equation representing the fre-
quency of natural disasters. The county-level explanatory variables were also added 
to the regression coefficient (B5) equation representing the per capita cultivated land 
area. These additions were necessary to explain the differences in the impacts of the 
two factors on the poverty incidence among different counties (Table 12).

As shown in Table 7 B3 (the regression coefficient of X13) was 0.0104, and B5 
(the regression coefficient of X31) was -1.2888. According to the detection results 
in Table 12, the regression coefficients for altitude (Z31), vegetation coverage (Z32), 
and terrain relief (Z33) on B3 at the county level were -0.0047, 0.0162, and -0.2354, 
respectively. These results suggest that a higher altitude was associated with a 
weaker impact of the frequency of natural disasters on poverty incidence. Higher 
vegetation coverage was tied to a stronger impact of the frequency of natural disas-
ters on poverty incidence. A greater degree of terrain relief was associated with a 

Table 10   Variances obtained 
from the null model and the full 
model at the county level

Variance com-
ponent

Standard deviation

Null model 0.0015 0.0384
Full model 0.0009 0.0291
Variance proportion 40%
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weaker impact of the frequency of natural disasters on the poverty incidence. Both 
altitude and terrain relief at the county level were observed to weaken the impact of 
the frequency of natural disasters on poverty incidence at the village level. Moreo-
ver, vegetation coverage at the county level increased the impact of the frequency of 
natural disasters on poverty incidence at the village level. The regression coefficients 
for altitude (Z31) and terrain relief (Z33) were 8.4005 and -14.1429 at the county 
level, respectively, indicating that a higher altitude was tied to a weaker impact of 
the per capita cultivated land area on the poverty incidence. A greater degree of ter-
rain relief resulted in a stronger impact of the per capita cultivated land area on the 
poverty incidence. Moreover, the altitude at the county level weakened the impact 
of the per capita cultivated land area on the poverty incidence at the village level. 
Additionally, terrain relief at the county level increased the impact of the per capita 
cultivated land area on poverty incidence at the village level.

In addition, the variance estimation results of the random effect regression model 
and the full model are displayed in Table 12. The altitude (Z31), vegetation coverage 
(Z32), and terrain relief (Z33) at the county level were found to explain 52.38% of the 
difference in the impact of the frequency of natural disasters (X13) on the poverty 
incidence at the village level. Altitude (Z31) and terrain relief (Z33) at the county 
level could explain 28.07% of the difference in the impact of the per capita culti-
vated land area (X31) on the poverty incidence at the village level.

Model Comparison

Both the HSLM and HLM are originally driven from an OLS model. That is, all 
of these models can be used to detect significant poverty-causing factors at either 

Table 12   Detection results of the interactions between the village level and the county level

*p < 0.05, **p < 0.01, ***p < 0.001

Parameter Coefficient Standard error T-ratio Variance ratio

For X13 slope, B3 52.38%
intercept, G30 0.0058 0.0154 0.3790
Z31, G31 -0.0047 0.2208 -0.0210
Z32, G32 0.0162 0.0955 0.1690
Z33, G33 -0.2354 0.2879 -0.8180
For X31 slope, B5 28.07%
intercept, G50 -0.8291 0.3783 -2.1920
Z31, G51 8.4005 9.6322 0.8720
Z33, G52 -14.1429 10.5857 -1.3360

Table 13   Model comparison

The parameters are the same as those listed in Table 3 and Table 4

HLM HSLM

Level 1:Yij = �0j + �1jXij + rij Level 1:Yij = �0j + �1jWXij + rij

Level 2:�0j = �00 + �01Z1j + �0j

�1j = �10 + �11Z1j + �1j

Level 2:�0j = �00 + �01Z1j + �0j

�1j = �10 + �11Z1j + �1j
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the village level or the county level. However, the two models HSLM and HLM 
can simultaneously detect multilevel poverty-causing factors and interactions among 
different levels, while an OLS model can only deal with poverty-causing factors at 
each level separately. Compared with the HLM, the HSLM considers the impact of 
inter-village relations on poverty incidence and can reduce the interference of spatial 
effects. Conversely, the HLM ignores the possible influences of spatial effects on the 
detection results and modelling accuracy. A qualitative principle comparison of the 
two models is provided in Table 13.

From the perspective of quantitative comparison, we adopted the deviance value 
in the model estimation results (Deal et al., 2011) to test the goodness of fit values of 
the HSLM and HLM. In this study, the deviance of the null model was used as the 
reference value. The difference between the deviance of the full model and the refer-
ence value was then used to compare the HSLM with the HLM (Wang et al., 2019). 
A larger difference value indicated that the HSLM had a better fit than the HLM. 
The difference value was calculated using Formula (5):

where c is the difference value, a is the deviance of the full model, and b is the refer-
ence value.

The results of the goodness-of-fit test are shown in Table 14. The difference value 
between the deviance of the HSLM and the reference value was 171.55, which was 
greater than the difference value (118.62) between the HLM and the reference value. 
Overall, the HSLM had the best fit.

Conclusions and Discussions

There are few studies that have considered spatial effects in relation to the multi-
level factors that influence poverty. In this study, a hierarchical spatial linear model 
(HSLM) was designed to reduce the impacts of spatial effects on the multilevel 
detection of poverty factors. The model revealed whether background and spatial 
effects are obvious in the study area and examined how to mitigate the impacts of 
spatial effects on the detection of poverty-related factors while taking background 
effects into account. It also revealed the significant poverty-related factors at each 
level in the study area and their interactions between different levels. The perfor-
mance of the HSLM in detecting poverty-related factors was also evaluated, and the 
method was found to be effective in detecting multilevel effects.

(6)c = |a − b|

Table 14   Comparison of model 
fitting effects

Null model HLM HSLM

Deviance -4,296.62
(Reference value)

-4,415.24 -4,468.17

Difference value — 118.62 171.55
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Based on the nested geographical and administrative features in the data, the pro-
posed model reveals the impacts of multilevel poverty-causing factors on regional 
village development and investigates the causality of the reported discrepancies. The 
detection results for the region of the Wuling Mountains revealed the following con-
clusions. (1) There were significant background and spatial effects in the study area. 
Moreover, 48.28% of the overall difference in the poverty incidence resulted from 
individual effects at the village level, and 51.72% resulted from background effects 
at the county level. There were also significant spatial effects present in the study 
area. (2) There were different factors leading to poverty at different levels via differ-
ent mechanisms. The significant factors at the village level included the terrain type, 
per capita cultivated land area, safe drinking water access ratio, labour force ratio, 
and ratio of the population enrolled in the new rural basic pension insurance in each 
village. The significant factors at the county level included the per capita income, 
gross enrolment rate in the first three years, ratio of poverty-stricken villages with 
passenger buses, vegetation coverage, and terrain relief. The differences among 
counties regarding the impacts of the frequency of natural disasters and per capita 
cultivated land area were affected by factors at the county level. (3) The HSLM was 
found to produce a better fit than the HLM.

By case testing, we have proven that both individual effects and group effects 
have significant impacts on the incidence of poverty. Through the random effect 
regression model and the full model in HSLM modelling, we comprehensively 
detected different significant factors at both the village level and county level. In 
addition, we detected that village-level factors could explain 14.29% of the differ-
ence in poverty incidence among villages, and county-level factors could explain 
40% of the difference in poverty incidence among counties. If we ignored the indi-
vidual effects, 14.29% of the difference in the poverty incidence among villages 
would not be explained. Similarly, if we ignored the group effects, 40% of the dif-
ference in the poverty incidence among counties would not be explained. Therefore, 
both the village-level individual effects and the county-level group effects cannot be 
ignored.

Furthermore, combined with the model results, optimization strategies for 
improving village-level regional development are proposed for the region of the 
Wuling Mountains. For example, at the village level, focusing on the geographi-
cal environment, production and living conditions, and social security is recom-
mended. (1) Concerning the geographical environment, the focus should be on 
improving terrain conditions, overcoming terrain disadvantages, and minimizing 
the impacts of natural disasters. (2) In terms of production and living conditions, 
cultivated land resources should be protected, and villagers’ awareness of arable 
land protection needs to be strengthened. Additionally, attempts can be made to 
reclaim wastelands to increase the per capita cultivated land area and agricul-
tural output values. Additionally, infrastructure construction in villages should be 
strengthened, especially infrastructure related to the provision of safe drinking 
water. (3) For the development of the labour force, capable personnel should be 
called to actively participate in work-related projects and strive to change their 
poverty status through self-reliance. (4) In terms of social security, there is a need 
to increase the coverage of the new rural basic pension insurance. This can help 
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to provide security for the elderly and to reduce family burdens caused by inad-
equate pensions. Additionally, at the county level, it is recommended that eco-
nomic development, social development, and ecological construction are focused 
on. (1) Administrative counties should adhere to the concept of sustainable devel-
opment. Furthermore, measures should be taken to drive local economic develop-
ment, increase per capita income, and help lead poverty-stricken villages out of 
poverty. (2) There should be an increase in the enrolment rate of kindergarteners 
and other school-age children. Children are the future, and strengthening early 
childhood education is important for the long-term development of society. Addi-
tionally, it is necessary to strengthen the construction of transportation infrastruc-
ture and to strive for full coverage of passenger buses in administrative villages. 
There is also a need to construct an “outbound and inbound, village-to-village, 
bus-to-the-village, safe and convenient” transportation network to increase com-
munication between local communities. (3) There should be a focus on ecological 
and sustainable development. It is necessary to enhance communities’ ability to 
resist natural disasters. For example, increased vegetation coverage can prevent 
reductions in cultivated land area caused by soil erosion. In mountainous terrain, 
it is necessary to either improve terrain conditions or to grow alternate crops such 
as fruit trees to increase agricultural output as well as improve villager incomes 
and living standards.

The proposed method offers theoretical and technical support for village-level 
regional development, and the empirical findings provide scientific policy guidance 
and technological support for more precise targeting of poor villages and for formu-
lating poverty alleviation measures at both the village level and county level. How-
ever, this study does have some limitations. For example, we only detected poverty 
factors for one year with cross-sectional data and have not yet considered changes in 
the time series as they may affect the mechanisms of poverty-causing factors. There-
fore, the next step is to improve the existing model for the detection of poverty-
related factors within a given time series using panel data. Additionally, the HSLM 
needs to be further improved with regards to its efficiency and scientificity, which 
will also be considered in our future research.
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