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Abstract: China has achieved the goal of building a moderately prosperous society in a well-rounded way
by 2020. At this stage, effectively dealing with poverty and not returning to it has become the bottom-line
task of rural revitalization. The purpose of this study is to construct a poverty-return early warning and
evaluation system for X and Y counties in Guangxi. Based on the field survey data of 150 households from
the questionnaire survey in X County and Y County of Guangxi Province, an early warning evaluation
system for returning to poverty in the two counties of Guangxi Province is constructed. The AHP analytic
hierarchy process is used to evaluate the early warning of returning to poverty for farmers. The BP neural
network algorithm is used to verify the rationality of the method; the overall poverty relief situation in
the two counties is stable and the living conditions are good. The early warning results are as follows:
One household in X County has a severe early warning, six households have a slight early warning, and
sixty-four households have no early warning; in Y County, six households had severe early warning,
six households had mild early warning, and sixty-seven households had no early warning. For farmers,
serious early warnings are mainly caused by the lack of labor force and low annual per capita net income,
as well as the lack of the main means of livelihood and capacity. The characteristics of mild early warnings
for farmers are mainly that the proportion of non-labor income is relatively high, and the farmers lack
the ability and way of long-term development. Different suggestions are put forward for farmers with
different early-warning levels, focusing on improving their viability and development ability.

Keywords: rural development; Guangxi Province; poverty returning; AHP analytic hierarchy process;
BP neural network algorithm

1. Introduction

Poverty reduction is a common international mission. In recent years, there has been
worldwide discussion on the issue of poverty in developing countries. In 2011, the United
Nations proposed integrating tourism as a means of poverty reduction development, which
plays a positive role in reducing poverty in most dimensions [1]. In 2019, research also
analyzed the key factors of poverty alleviation in India, and sorted out the methodology for
designing, managing, and implementing poverty alleviation programs [2]. In 2020, China
successfully completed the task of poverty alleviation, and achieved the goal of building
a moderately prosperous society in all respects. China’s task in the new period is to promote
the effective connection between consolidating and expanding the achievements of poverty
alleviation and rural revitalization [3]. The development of existing poverty alleviation
achievements is an important basis for the implementation of the rural revitalization
strategy. Developing the existing poverty alleviation achievements and establishing the
monitoring and assistance mechanism rapidly, which prevents poverty returning, are
important foundations for the implementation of China’s rural revitalization strategy. As
an important method to maintain the stability of poverty alleviation, long-term monitoring
of farmers can not only predict the risk of returning to poverty of marginal poor people,
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but also reduce the incidence of returning to poverty. In terms of the relationship between
the rural revitalization strategy and the consolidation of the achievements in poverty
alleviation, both of these factors are aimed at achieving the overall revitalization of rural
areas and the overall well-being of the poor [4]. They are targeted to identify and eliminate
the factors that signify the risk of returning to poverty. Therefore, it is important to
resolve the conflicts between consolidating poverty reduction achievements and the threat
of returning to poverty, and promote a smooth transition to the primary stage of rural
revitalization. These factors are of great strategic significance for the deep and efficient
governance of poverty reduction, the modernization of agriculture and rural areas, and
the comprehensive revitalization of rural areas. How to establish a poverty-return early
warning and evaluation system for X and Y counties in Guangxi Province? How to
define early warning standards for returning to poverty? How to determine the degree
of early warning for farmers returning to poverty? Answering these questions is of great
significance for China to achieve long-term stable poverty alleviation and overall rural
revitalization, as well as for the development of poverty reduction worldwide.

In previous studies, income or consumption was often taken as the standard to define
poverty, and poverty was defined if these values were lower than the specified standard
income line [5]. With the continuous development of research in this field, more influ-
encing factors are considered in the judgment of poverty. Some scholars put forward the
“functional poverty theory”, “capacity poverty theory”, etc., believing that poverty should
include deprivation of basic viability (freedom from hunger, disease, education) in addition
to low income [6,7]. Recently, for the research on the causes of poverty, scholars have
explored the causes of poverty from more perspectives. Culture plays a more and more
important role in reducing poverty. The lack of cultural atmosphere is believed to lead to
the formation of poverty-prone thinking patterns and behavior patterns of the poor, which
is also the reason for intergenerational transmission of poverty [8]. In addition, human and
intellectual capital are regarded as the dynamic factors to change the poverty situation. The
increase in human capital leads to the increase in poverty reduction opportunities. Further-
more, the increase in intellectual capital leads to the enhancement of development capacity,
facilitation the achievement of a long-term and stable state of poverty alleviation [9].

There are two main types of research of poverty returning. One is the identification
and assessment of the risk of returning to poverty so as to understand the source of the
risk. The other is the discussion of the governance of returning to poverty, which helps to
establish early warning and long-term blocking mechanisms. In the research on the risk of
returning to poverty of China’s rural population, scholars often calculate the livelihood
capital of a regional group and draw different conclusions. For example, taking a village in
Hubei Province of China as an example, the risk of returning to poverty is identified by
calculating the livelihood capital of poverty-free farmers, and it is concluded that the village
mainly faces financial capital and human capital risks [10]. In addition, the assessment of
the risk of returning to poverty of the out-of-poverty households in the southwest ethnic
areas of China shows that the risk of returning to poverty is mainly concentrated in human
risk and financial risk, which is a highly complex form with a certain degree of natural,
material and social risks [11]. It is generally believed that the governance of returning
to poverty is important for increasing income and promoting economic growth. The
“poverty alleviation” policy alone without good governance performance is not enough
to promote poverty reduction equally [12]. The key to governance of returning to poverty
is previous prevention. In order to strengthen the monitoring of the risk of returning to
poverty, the endogenous driving force for poverty alleviation, the endowment of livelihood
resources and the impact of external disasters should be taken as the main monitoring
dimensions [13]. In the research on the construction of the mechanism to stop the return to
poverty, Chinese scholars generally believe that the policies and material capital should be
integrated to achieve the optimization and integration of systems, resources, talents and
organizations, which is in line with China’s national conditions and can also improve the
governance performance of the return to poverty [14–16]. In 2020, China entered a new
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period of consolidating poverty alleviation and linking up with rural revitalization. In
view of the change of its goals, poverty return monitoring has become more and more
important. Establishing a poverty-return early warning evaluation index system and
conducting poverty-return early warning evaluation on farmers is of great significance for
rural revitalization. The goal of this study is to establish an early warning and evaluation
system for returning to poverty in two counties in Guangxi Province. The study area was
visited and surveyed, data were collected, and warning intervals were divided using the
Analytic Hierarchy Process. The scores of farmers were calculated, and the warning levels
of farmers were classified. The effectiveness of the results was verified using the BP neural
network algorithm.

2. Materials and Methods
2.1. Study Area

The Guangxi Zhuang Autonomous Region, also known as Guangxi Province, is located
in South China, covering an area of 237,600 square kilometers. Guangxi Province is mainly
covered with mountains, hills, platforms, plains and other types of landforms. The central
and southern parts are mostly hilly and flat in the form of basins. Plains and platforms
account for 23.4% of the land area of the province. There are twelve ethnic groups, including
Zhuang and Han, among which the Zhuang group accounts for 31.4% of the permanent
population in the region. Guangxi was one of the main battlefields for China to fight
against poverty before 2020. In 1978, the number of rural poor people in Guangxi once
reached 21 million, and the incidence of poverty in the region was as high as 70%. Since
the implementation of targeted poverty alleviation, a total of 6.34 million poor people have
been identified in Guangxi, and all of them have been registered. According to statistics,
the per capita disposable income of rural residents in poor areas in Guangxi reached
13,676 yuan in 2019, an increase of 4209 yuan over 2015, with an average annual growth
of 9.63% [17]. As the province with the largest minority population in China, Guangxi
aimed to have 54 poverty-stricken counties and 5379 poverty-stricken villages lifted out of
poverty by 2020 [18]. As the only coastal minority autonomous region, Guangxi Province
has a large number of marginal poor groups, and it faces more difficulties to achieve
rural revitalization. The per capita income, climate and education level of X County and
Y County before 2020 are shown in Figure 1; both of these counties are considered middle-
income counties in China [19]. Therefore, X County and Y County can represent the poverty
level of many poor counties, and the research results can be generalized. Therefore, it is of
great significance to focus on the situation of farmers returning to poverty in X County and
Y County that have been lifted out of poverty for the realization of comprehensive rural
revitalization in China.
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2.2. Method
2.2.1. Analytic Hierarchy Process (AHP)

The Analytic Hierarchy Process (AHP), first proposed by Professor Staaty of the Uni-
versity of Pittsburgh, an American operations research scientist, refers to the decomposition
of multiple objectives or criteria into objectives, criteria, indicator levels and other levels.
By comparing the importance of the two indicators one by one and building a matrix of
comparative judgment, the qualitative indicators are fuzzily quantified by level to calculate
the weight of each indicator [20,21]. The Analytic Hierarchy Process (AHP) is widely
used in the research of poverty return, and it is suitable for building the early warning
evaluation index system of poverty return [22,23]. There are many influencing factors
in the early warning research of poverty return. Through the analytic hierarchy process,
multiple influencing factors can be classified into several types of constituent elements,
corresponding to the target, criterion and indicator levels, respectively. By comparing the
factors in pairs, we can determine the relative importance of each influencing factor in the
early warning study of returning to poverty.

2.2.2. BP Neural Network Algorithm

BP is short for Back Propagation. BP network can learn and store a large number
of input–output mode mapping relations without revealing the mathematical equations
describing the mapping relations in advance. Its learning rule is to use the steepest descent
method to continuously adjust the network weight and threshold through backpropagation
so as to minimize the total square error of the network [24–26]. Its main feature is that
the signal is forward propagation, while the error is reverse propagation. Benefiting from
this self-learning mechanism, we do not need to assume any paradigm when using neural
networks. We just need to reasonably collect some data and then send them to the neural
network for training. Sometimes, we may even receive some unexpected performance
results. Based on the characteristics of self-learning and high performance of BP neural
network, it has been widely used in decision-making, prediction, classification and other
subdivision scenarios [27–30]. The task background of poverty-return early warning to be
performed in this paper is very consistent with the field that BP neural network is good at.
Therefore, BP neural network and analytic hierarchy process are used to jointly evaluate
the poverty-return early warning of two counties in Guangxi Province.

2.3. Early Warning Evaluation Indicator System for Returning to Poverty

China’s standard for poverty alleviation is “two no worries, three guarantees”, that
is, the absence of concern about food and drink, education, medical care and housing are
guaranteed when poverty is alleviated. By 2020, China aimed to eliminate absolute poverty,
as well as quarantee the basic needs of rural residents such as food and clothing, education,
medical care and housing. However, in addition to basic security, the strategy of rural
revitalization requires meeting the higher expectations of farmers for a better life. Farmers’
expectations for a well-off life are diversified. In addition to being provided with living
security, they are eager to rely on their own development ability to achieve self-sufficiency
and obtain more satisfactory income and living environment. Therefore, we considered two
parts in the evaluation system: livelihood capacity and development capacity. Based on the
livelihood capital involved in the sustainable livelihood framework theory and the existing
research on the impact factors of poverty-return early warning [31–33], nine indicators
were selected from the dimensions of natural capital, financial capital, physical capital,
human capital, etc., to build the evaluation indicator system for returning to poverty. As
shown in Table 1, we take the early warning evaluation of poverty return as objective A, the
survival capability and development capability as primary indicators (B1 and B2), and we
divided the specific impact factors examined by the evaluation corresponding to B1 and
B2 into secondary indicators represented by Cx.



Agriculture 2023, 13, 1087 5 of 14

Table 1. Early warning evaluation index system for returning to poverty.

Objective Grade 1 Grade 2

Early Warning Evaluation of
Returning to Poverty (A)

Survival Capability (B1)

Annual net income per capita (yuan) C11
Basic medical coverage (%) C12
Housing security (points) C13

Forest land area (mu) C14

Development Capability (B2)

Compulsory education guarantee (%) C21
Number of people burdened by the labor force

per capita (person) C22
Percentage of non-labor income (%) C23

Sick and disabled population (%) C24
Salary per capita of the labor force (yuan) C25

Survival capability mainly examines the influencing factors that guarantee farmers
meet their basic livelihood, mainly including annual net income per capita (C11) at the
economic level, basic medical coverage (C12), housing security (C13) and forest land
area (C14). Per capita income is an important indicator to visualize the characteristics of
poverty, and in developed countries, the average or middle income is often simply used
as the standard line to consider whether or not a certain group is considered poor [34–36].
However, as a developing country, China’s per capita income is already lower than that
of developed countries, and the number of the marginally poor is also higher, so it is
not suitable to use foreign standards for reference, and the characteristics of returning to
poverty are different in each region, so we should refer to the domestic standards for poverty
eradication, especially in Guangxi Province. The level of health directly affects individual
labor productivity and social labor productivity, and housing security similarly affects
basic human labor efficiency [37]. Stability of both can lead to more social opportunities,
which is why medical and housing security are mentioned in China’s “three guarantees”.
The main source of food for farmers comes from their own cultivated land, so the area of
cultivated land is regarded as an important indicator to examine farmers’ ability to survive.
However, since the subjects of this study in the two counties are mainly forest farmers,
we innovatively replaced “arable land area” with “forest land area” to better apply to the
evaluation process of poverty return for this group.

The development capacity takes into account the compulsory education guarantee
(C21), the number of people burdened by the labor force per capita (C22), the percentage of
non-labor income (C23), the sick and disabled population (C24), and the salary per capita
of the labor force (C25). The higher the level of education, the more likely an individual
is to enter the upper social class; conversely, the lower the level of education, the more
likely an individual is to enter the lower social class or even fall into relative poverty [38].
Compulsory education guarantee has made an important contribution to China’s poverty
alleviation efforts. The number of labor burden per capita (C22), the proportion of non-labor
income (C23), the sick and disabled population (C24), and the wage per labor force (C25)
all affect the labor productivity of farm households and the likelihood of facing greater
opportunities in society. These factors determine the level of development capacity of
a household in terms of human capital, economic capital, and physical capital.

2.4. Data Collection

From May to July 2021, more than ten investigators were organized to carry out field
monitoring and research in X County and Y County of the Guangxi Zhuang Autonomous
Region. The research team sampled 71 households and 79 households in X County and
Y County of Guangxi Province for field household survey. In order to avoid homogene-
ity and specificity of the research objects, a random sampling method was adopted, and
8 households were selected from 4 administrative villages in each county for question-
naire research. Afterwards, non-quantifiable fuzzy data and unanswered blank data were
removed. The indicators were positively and negatively classified, and the negative in-
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dicators were negative. After data cleaning, 19,770 pieces of field verified farmer data
were obtained, including the location of the administrative village, the basic information of
family members, the name of the head of household, the number of family members and the
labor force, the participation in medical insurance, the participation of school-age children
in compulsory education, the status of the sick and disabled population, housing, forest
land area, annual income and other information. In this paper, the method of combining
AHP and the BP neural network algorithm is used to evaluate the poverty early warning
situation of X County and Y County in Guangxi Province. After determining the relative
weight of indicators through AHP, we used the BP neural network to make simulation
prediction to verify the rationality of using this method.

Descriptive statistics were conducted on the collected data (Table 2), and it was found
that the mean values of most indicators in X and Y counties did not differ significantly.
However, the difference in the values of the number of people born by the labor force per
capita was significant, mainly due to the lack of labor force among individual farmers
in X County. Standard error is an important indicator of the degree of dispersion in
the distribution of data. The larger the value, the more discrete the distribution. The
distribution of the values of annual net income per capita and salary per capita of the labor
force was relatively discrete, and there were significant differences in income indicators
among farmers, while the comprehensive education guarantee value was stable.

Table 2. Descriptive Statistics of Indicators.

Index Mean SE. County

Annual net income per capita (yuan) 11,868.57 740.11 X
9223.64 592.56 Y

Basic medical coverage (%) 98.54% 0.01 X
98.24% 0.01 Y

Housing security (points) 41.38 0.61 X
32.54 0.72 Y

Forest land area (mu)
3.38 0.41 X
8.29 1.45 Y

Compulsory education guarantee (%) 100.00% 0.00 X
100.00% 0.00 Y

Number of people burdened by the labor
force per capita (person)

−4999.55 2452.08 X
2.05 0.12 Y

Percentage of non-labor income (%)
78.40% 0.03 X

86.28% 0.02 Y

Sick and disabled population (%) 79.18% 0.03 X
72.98% 0.04 Y

Salary per capita of the labor force (yuan) 17,914.03 1402.66 X
14,019.60 974.92 Y

3. Results
3.1. Indicator Weight

This paper uses the expert scoring method to assign weight to the influencing factors.
The selected experts include professors who have been engaged in poverty research in
universities for a long time and village staff who have been engaged in front-line poverty
relief work for a long time.

In order to determine the weight of the second-level indicators, namely B1 and B2,
this paper selects seven weight combinations for expert scoring, namely (0.8, 0.2), (0.7, 0.3),
(0.6, 0.4), (0.5, 0.5), (0.4, 0.6), (0.3, 0.7), (0.2, 0.8) [39,40]. The two figures in brackets represent
the weight of livelihood capacity B1 and development capacity B2, respectively. Within the
range of 1~5 points, the experts score according to the degree of recognition of each weight
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combination, and finally obtain the total score of each weight combination. As shown in
Table 3, the highest score (0.6, 0.4) is selected as the second-level index weight.

Table 3. Expert Scoring Form.

Number Weight Combination Score Summary

1 (0.8, 0.2) 12
2 (0.7, 0.3) 27
3 (0.6, 0.4) 45
4 (0.5, 0.5) 41
5 (0.4, 0.6) 32
6 (0.3, 0.7) 15
7 (0.2, 0.8) 11

In order to determine the weight of the third-level indicators, it is necessary to build
a judgment matrix for the indicators in the evaluation system and compare them in
pairs [41]. Survival capability judgment matrix B1 and development capability judgment
matrix B2 are as follows:

B1 =


1 3 2 2

1/3 1 1/3 1/2
1/2 3 1 1/2
1/2 2 2 1

 B2 =


1 3 3 4 2

1/3 1 1/2 2 2
1/3 2 1 3 2
1/4 1/2 1/3 1 1/3
1/2 1/2 1/2 3 1

.

Through SPSSAU software (https://spssau.com/index.html, accessed on 20 April 2023),
the eigenvector weights of the two matrices can be calculated, and their consistency can be
checked. CI is the consistency indicator, CR is the consistency ratio, and CR < 0.10 means
that the consistency test has been passed [42]. Finally, both B1 and B2 matrices passed the
consistency test, and the results of the two matrices are as follows:

Q1 = (0.4092, 0.1104, 0.2150, 0.2654), CI1 = 0.048, CR1 = 0.054, (1)

Q2 = (0.3971, 0.1602, 0.2229, 0.0720, 0.1478), CI2 = 0.063, CR2 = 0.056. (2)

The weights of survival capability and development capability as well as their corre-
sponding secondary index weights can be calculated from the above calculations, as shown
in Figure 2.
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The comprehensive weight of the secondary indicators can be calculated by multi-
plying the weight of the primary indicators and the secondary indicators, as shown in
Table 4.
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Table 4. Comprehensive Weight of Poverty Early Warning Evaluation Indicators.

Objective Grade 1 Grade 2 Comprehensive
Weight

Early Warning
Evaluation of
Returning to
Poverty (A)

Survival Capability (B1)

Annual net income per capita (yuan) C11 0.2455
Basic medical coverage (%) C12 0.0662
Housing security (points) C13 0.1290

Forest land area (mu) C14 0.1592

Development Capability (B2)

Compulsory education guarantee (%) C21 0.1589
Number of people burdened by the labor force

per capita (person) C22 0.0641

Percentage of non-labor income (%) C23 0.0892
Sick and disabled population (%) C24 0.0288

Salary per capita of the labor force (yuan) C25 0.0591

3.2. Division of Early Warning Intervals for Returning to Poverty

Through the weighted average method, we can use the comprehensive weights of the
indicators we obtained above to calculate the current quantitative assessment criteria of
poverty and obtain the comprehensive score of the threshold of poverty return so as to
carry out early warning evaluation on individual farmers. When calculating the poverty
threshold, different regions have different conditions. We should consider the definition of
poverty in China, preferably in Guangxi. According to the latest provisions of Guangxi on
the poverty alleviation standard of “Eight Haves and One Excess” [43], the critical values
of each factor in the evaluation system are: the annual per capita net income is not less
than 3050 yuan, the proportion of basic medical security is not less than 80%, the housing
security is not less than 30 points, the per capita forest area is not less than 1 mu, the
compulsory education security is not less than 20%, the per capita burden of labor is not
more than four people, the proportion of non-labor income is less than 100%, and the per
capita salary of labor is not less than 600 yuan. Since most of the survey objects are forest
farmers, we innovatively adjusted the per capita cultivated land area index to per capita
forest land area. For some farmers who do not have forest land, the poverty alleviation
standard mentions that “the per capita cultivated land is greater than or equal to 0.5 mu”,
and the area of their cultivated land is uniformly converted into the area of forest land so
that they can be evaluated under the same standard. The per capita burden of labor force,
the proportion of non-labor income and the proportion of disabled people are negatively
related factors, and the rest are positively related factors. Therefore, the standard value of
the negative factors is set as 0 [44]. If it is lower than the standard value, it is positive, and
if it is higher than the standard value, it is negative.

According to the calculation of comprehensive weight, the critical value of returning
to poverty is determined to be 788.3489 points. The closer to this score, the higher the
degree of early warning of returning to poverty. The Heinrich accident rule 300:29:1
is used to divide the early warning range. The Heinrich accident rule is frequently
applied in the field of safety early warning. The rule was proposed by Heinrich, an
American, and it defines the best business plan for insurance companies, analyzing the
probability of industrial injury. The rule states that there must be 29 minor accidents
behind a major accident and 300 potential hidden dangers, which is known as the 300:29:1
rule [45,46]. From this, that the following interval points can be calculated. Interval point 1:
788.3489 × (331/330) = 790.7378; Interval point 2: 788.3489 × (360/330) = 860.0170; Inter-
val point 3: 788.3489 × (660/330) = 1576.6978. According to the above calculation results,
the results of alert range division are shown in Table 5.
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Table 5. Early Warning Range for Returning to Poverty.

Early Warning Range (−∞, 789.8923] (789.8923, 859.0973] (859.0973, 1575.0118] (1575.0118, +∞)

Early warning level Severe Early Warning Moderate
Early Warning Mild Early Warning No Early Warning

3.3. Test Results of BP Neural Network

The data are trained through Python 3.7 combined with the deep learning framework
TensorFlow. The total data size is 2863. Through random sampling, 2317 data are selected
as the training set, 526 as the test set, and 20 data are discarded due to integrity issues.
By setting the learning rate to 0.1–0.01 (decreasing 0.01 every 1000 training cycles in
10,000 training cycles), 10,000 training sessions are completed.

As shown in Figure 3, the gradient in the training process has a significant decline
and convergence process. The number of training errors rapidly decreases in the early
stage, with approximately 800 episodes entering a convergence state. Subsequent training
errors can remain stable at lower values without a surge in training errors. Benefiting from
a reasonable neural network structure and parameter selection, the training results are
also ideal. Optimizing from around 1400 to around 200 from the beginning of training,
compared to other similar studies [47], the training error of 200 also represents excellent
performance. The trained neural network model can achieve good results on the test set,
with the mean square error of only 0.0315381.
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Eight samples are extracted from the data results of completing the BP neural network
training, compared with the sample scores calculated by the Analytic Hierarchy Process,
and the degree of numerical fitting of the extracted samples is observed to verify the
effectiveness and credibility of the results obtained by the Analytic Hierarchy Process. The
test results are shown in Figure 4, which is completely within the ideal range. Therefore, it
is feasible and ideal to use the BP neural network for poverty early warning.
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4. Discussion

This article employed two counties in ethnic minority areas of Guangxi as the research
objects and set up a poverty-return monitoring survey questionnaire from five dimensions
based on the sustainable livelihood framework theory. This theory has been applied in the
field of poverty-return monitoring for a long time and has high feasibility [48–50]. Farmer
data from multiple villages in two counties were collected. The Analytic Hierarchy Process
was used to analyze the collected data, determine indicator weights, divide warning degree
intervals, and calculate farmers’ warning scores. Afterwards, the BP neural network algorithm
was used to verify the accuracy and rationality of the data. The following conclusion is drawn:
X and Y counties are mainly composed of farmers without poverty warning, with a few mild
and severe warnings present. The findings of this article regarding the main group of farmers
without warning in most regions are consistent with those of previous studies. This is mainly
due to the high cost of China’s investment in poverty alleviation work [51,52], which has
achieved good results in poverty alleviation. It also made important contributions to the
development of poverty reduction in the world. Contrary to earlier findings, however, this
study found that there are a few households with mild and severe poverty warnings in ethnic
minority areas, causing a certain risk of returning to poverty. A possible explanation for this
might be that the resource endowment in ethnic minority areas is poor, and farmers lack
livelihood development opportunities. This leads to lower risk resistance among farmers
and a higher likelihood of early warning due to diseases and disasters [46]. Moreover, the
quality of personnel in ethnic minority areas is relatively low, lacking the ability to develop
independently. They are easily affected by the external environment, and there is a high
possibility of returning to poverty [53].

Firstly, the previous research on groups vulnerable to poverty has focused on mul-
tiple contiguous areas or specific districts and counties [54–57]. This article innovatively
considers individual farmers as research units, strengthening the targeted evaluation and
improving the efficiency of early warning. Secondly, compared to the previous research on
the application of sustainable livelihood framework theory [58,59], this article innovates the
evaluation index system. This study considers ecological indicators within the evaluation
system, enriching and improving the evaluation content. This is mainly due to the poor
natural resource endowment and susceptibility to natural disasters in ethnic areas, which
pose a significant threat to farmers’ lives. Changes in the ecological environment can also
have an impact on farmers’ poverty warning levels. In addition, based on China’s poverty
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alleviation standards, this study innovatively converts cultivated land area into forest land
area for score calculation, which is more applicable to the characteristics of forest farmers
with more forest land area and less cultivated land area.

The major limitations of the present study are the difficulty in obtaining data resulting
in a small sample size. In addition, the universality of the research results needs further
verification. Notwithstanding these limitations, the theoretical foundation of the research is
solid, and the methods are scientific and reasonable, which does not affect the effectiveness
of the results.

5. Conclusions

Against the background of rural revitalization, through theoretical learning and anal-
ysis of poverty-returning factors, a poverty-returning early warning evaluation system
was established. The data of 150 households sampled and collected in the two counties
were calculated and analyzed using the AHP analytic hierarchy process and the BP neural
network algorithm, and the following conclusions were drawn:

(1) According to the existing poverty reduction standards, four warning intervals have
been identified. Farmers with a poverty-return warning evaluation score lower than or
equal to 789.8923 are considered serious-warning farmers; farmers with scores above
789.8923 but below 859.0973 are classified as moderate-warning farmers; farmers with
scores above 859.0973 and below 1575.0118 belong to households with mild warning;
farmers with a score greater than 1575.0118 are non-warning farmers, with the lowest
likelihood of returning to poverty and the most stable effects of poverty alleviation.

(2) One household in X County has a severe early-warning status, accounting for 1.41%
of the total number of households in the county; six households have a mild early-
warning status, accounting for 8.45% of the total number of households in the county;
sixty-four households do not have early-warning status, accounting for 90.14% of the
total number of households in the county.

(3) There are six households in Y County with severe early-warning status, 7.59% of the
total number of households in the county, six households have mild early-warning
status, 7.59% of the total number of households in the county, and sixty-seven house-
holds do not have early-warning status, accounting for 84.81% of the total number of
households in the county.

(4) The significant number of early-warning farmers is mainly caused by a lack of labor
force and low annual per capita net income, as well as the lack of major livelihood
means and capabilities. The presence of mild early-warning farmers is mainly caused
by low annual per capita income and high proportion of non-labor income, as well as
the lack of long-term development capabilities and methods.

According to the results of poverty early warning evaluation of X County and Y County,
the following suggestions were offered to reduce the risk of farmers returning to poverty:

(1) For severe early-warning households: The government should provide social assis-
tance such as minimum living security and special hardship support for this group,
increase the proportion of medical expense reimbursement, improve the system of
serious illness medical insurance, increase government transfer payments, and ensure
that the existing rural labor force is not idle due to illness as much as possible. The
government should also improve the borrowing and lending financial system, such
as government guarantees for bank loans, providing start-up funds for farmers to
participate in local planting and breeding industries, increasing per capita annual net
income, and enhancing farmers’ livelihood ability.

(2) For mild early-warning households: The government needs to encourage and guide
this group to improve their self-development capabilities. Farmers need to be encour-
aged to develop industries with local regional characteristics such as rural tourism
and planting and breeding, the implementation of corresponding supporting policies
should be promoted, such as interest-free loans and tax exemptions, and opportunities
should be provided for farmers to learn and train in science and technology. Technical
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support and problem-solving should be provided for farmers in deep rural areas in
order to achieve the transformation of poverty alleviation models.

Developing poverty reduction is a common issue faced by the world, and China
has provided many practices that other countries can refer to in reducing poverty. X
and Y counties in Guangxi Province, as ethnic minority areas, have unique resource
endowments and development difficulties, and their populations face greater risks of
returning to poverty than those of ordinary areas. It is necessary to establish a specialized
evaluation system for this region. Although policies lean towards assisting ethnic minority
areas, more practical exploration is needed to determine whether these populations can lift
themselves out of poverty without returning to poverty. In the future, more panel data will
be used to analyze the research in this field, and more reasonable results will be obtained,
providing solid support for the development of poverty reduction in the world.
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