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Abstract

How to effectively predict the risk of large-scale poverty-returning and realize prior targeted intervention 
are essential measures to prevent large-scale poverty-returning. In view of this, based on the Sustainable 
Livelihoods Framework, this paper employs machine learning algorithms to study the prediction and 
pattern recognition of large-scale poverty-returning risks using the China Family Panel Studies (CFPS) and 
satellite remote sensing data. Our findings demonstrate a remarkable prediction accuracy rate of 91.23% for 
large-scale poverty-returning, employing the random forest algorithm. Notably, key contributing variables 
to this prediction encompass education, health, and government subsidies, highlighting the potential of 
supervised learning methods in predicting large-scale poverty-returning risk. Furthermore, the K-means 
clustering analysis reveals three discernible risk patterns within large-scale poverty-returning, including 
low-risk, three-risk, and five-risk patterns. The findings could provide scientific empirical evidence for the 
governance of different types of large-scale poverty-returning risks.
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1. Introduction

While China has effectively eradicated absolute poverty, the persisting vulnerability among the population 
that has been lifted out of poverty underscores the risk of large-scale poverty-returning. The external 
environment plays a significant role in this context, as the uncertainties surrounding the macroeconomic 
landscape negatively impact the employment opportunities of those lifted out of poverty, thereby hindering 
the sustained growth of their income. Concurrently, unpredictable shocks such as sudden diseases, natural 
disasters, and climate change act as crucial determinants leading to the occurrence of poverty-returning 
(Asfaw et al., 2015; Gong and Zhang, 2007; Li et al., 2022). Internally, the lack of endogenous development 
capacity emerges as a primary factor contributing to the risk of large-scale poverty-returning (Morduch, 1994; 
Ward, 2016). This is evident in the scenario where individuals lifted out of poverty, deprived of external 
economic support, return to poverty due to an insufficient capacity for wealth production (Li et al., 2022). 
Some studies have substantiated that cessation of financial and technical assistance to individuals lifted out 
of poverty results in the occurrence of poverty-returning, especially among those who have long relied on 
government support (Xu and Ludovico, 2017). To prevent poverty-returning, the Chinese Government has 
implemented a precise and targeted assistance policy, dispatching cadres to poor villages and households 
for “one-to-one” or “one-to-many” pairing assistance. Support measures are provided in areas such as 
industry, employment, education, and healthcare, tailored to the actual needs of different poor households. 
This approach not only helps poor households enhance their development capacity but also strengthens 
their ability to withstand risks, ensuring the long-term consolidation of poverty eradication outcomes and 
preventing poverty-returning (Deng et al., 2022; Guo et al., 2022; Li et al., 2022; Liu et al., 2018). However, 
a significant number of population remain at risk of falling back into poverty. According to survey data from 
the Poverty Alleviation Office of the State Council of China, nearly two million individuals lifted out of 
poverty are at risk of poverty-returning. Therefore, it is imperative to better understand the risk of large-scale 
poverty-returning.

Theoretical research and empirical evidence concur that prior intervention serves as an effective strategy 
in preventing large-scale poverty-returning. Successful anticipation of widespread poverty-returning risk 
constitutes a prerequisite for implementing pre-emptive interventions. Firstly, the accurate prediction of the 
risk of large-scale poverty-returning is a prerequisite for the realization of ex-ante intervention. Meanwhile, 
it is imperative to recognize that the characteristics of the risk of large-scale poverty-returning vary across 
regions, making a ‘one-size-fits-all’ policy ineffective. This underscores the necessity for precise identification 
of the specific type of risk associated with large-scale poverty-returning. Practically, some poverty-stricken 
regions have initiated monitoring and early warning systems for poverty-returning. However, these efforts 
predominantly rely on manual investigations and identifications conducted at the three-tier organizational 
levels of “village-village-county.” Such methodologies fall short in facilitating prior intervention against 
the risk of large-scale poverty-returning. Consequently, there is an urgent need for accurate prediction and 
pattern recognition of the risk of large-scale poverty-returning.

Numerous studies have addressed the critical issue of poverty-returning, emphasizing the urgency and 
necessity of managing this phenomenon. A consensus has emerged within the existing literature, asserting 
that China’s rural poverty governance strategy post-2020 demands a transition from the traditional “poverty 
alleviation strategy” to a novel “poverty prevention-oriented” strategic framework. However, the discussion 
on monitoring and early warning systems for the risk of large-scale poverty-returning remains relatively 
superficial. Although some studies have introduced the basic idea of a large-scale early-warning mechanism 
for poverty-returning from a macro-strategic perspective, they typically remain at the policy level, focusing on 
system concepts and strategic planning, while lacking specific empirical analysis and in-depth exploration of the 
mechanisms influencing poverty-returning risk. In terms of large-scale poverty-returning risk monitoring and 
early-warning, there is a lack of systematic indicator systems and quantitative assessment methods, hindering 
the development of an operational monitoring and early-warning program. Regarding quantitative analysis, most 
literature evaluates the risk of poverty-returning for individuals who have escaped poverty using traditional 
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statistical methods, which fail to capture the complexity and diversity of large-scale poverty-returning 
risk. These studies often assess poverty-returning risks from a single dimension, overlooking the impact of 
collective factors like the natural environment and social networks on large-scale poverty-returning (Xu et al., 
2024; Zhang et al., 2022a,b; Zhou et al., 2024) Furthermore, existing studies have not fully leveraged the 
advantages of machine learning in predicting and identifying large-scale poverty-returning risks. It is crucial 
to recognize that large-scale poverty-returning differs significantly from individual poverty reduction, given 
its potential for poverty-returning scale and intensity, which could result in pronounced social and economic 
risks. Consequently, existing research findings grounded in individual poverty-returning may struggle to 
effectively inform policy formulation aimed at preventing the risk of large-scale poverty-returning. Further 
exploration and integration of machine learning methodologies could offer more specified insights into the 
complex dynamics associated with large-scale poverty-returning, ultimately enhancing the policy relevance.

In view of this, this paper aims to employ machine learning algorithms to analyze the prediction and pattern 
recognition of the large-scale poverty-returning risks based on the China Family Panel Studies (CFPS) 
and satellite remote sensing data. Machine learning has shown considerable strengths in both prediction 
and classification tasks. Specifically, supervised learning algorithms can automatically identify and select 
the most influential features affecting large-scale poverty-returning. Meanwhile, unsupervised learning 
algorithms, such as K-means clustering, do not require predefined category labels. They categorize data 
based on intrinsic characteristics. Consequently, machine learning offers greater accuracy in predicting and 
identifying large-scale poverty risks compared to traditional methods. Specifically, adopting the Sustainable 
Livelihood Framework, the paper constructs an indicator system encompassing five dimensions — human 
capital, physical capital, financial capital, natural capital, and social capital — to predict the risk of large-scale 
poverty-returning. This paper first applies the random forest algorithm as part of the supervised learning 
algorithm to predict the risk of large-scale poverty-returning. Subsequently, the study utilizes the K-means 
clustering algorithm within the unsupervised learning algorithm to identify discernible patterns associated 
with large-scale poverty-returning. This comprehensive approach seeks to integrate both predictive modeling 
and pattern recognition, offering a more specified understanding of large-scale poverty-returning risk.

Compared to existing literature, this paper contributes to the field in three aspects. Firstly, prevalent empirical 
studies predominantly adopt a micro-individual perspective to analyze the poverty-returning of individual 
rural households, largely neglecting the distinct characteristics associated with the risk of large-scale 
poverty-returning (Chen et al., 2016; Ward, 2016). This paper marks a notable departure by examining risk 
prediction and pattern recognition of large-scale poverty-returning risks at the village level, thereby offering 
a crucial supplement to the existing literature.

Secondly, prevailing predictions of the risk of large-scale poverty-returning frequently remain confined to 
theoretical and policy-level discussions, lacking empirical evidence (Di and Wang, 2019). In contrast, this 
paper integrates data from the China Family Panel Studies (CFPS) and satellite remote sensing, utilizing 
supervised machine learning algorithms to predict the risk of returning to poverty at scale. This approach 
not only offers empirical insights but also identifies crucial predictive variables. Consequently, this empirical 
foundation contributes valuable information for enhancing the monitoring and early-warning system for 
large-scale poverty-returning.

Thirdly, existing classifications of large-scale poverty-returning risk types often rely on subjective judgments, 
limiting the comprehensive and objective revelation of the various types of large-scale poverty-returning 
risks (Liu et al., 2024). In contrast, unsupervised learning algorithms, introduced in this paper for identifying 
types of large-scale poverty-returning risks, can comprehensively capture intrinsic features of data and 
determine classifications based on feature similarity. This inclusion helps address the shortcomings of 
existing research methodologies, offering a more comprehensive and objective understanding of the types 
of large-scale poverty-returning risks.
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The next part of this paper is organized as follows: the second part focuses on the literature review; the third 
part introduces the data, variable definitions, and machine learning algorithms; the fourth part applies the 
random forest algorithm to predict the risk of large-scale poverty-returning; the fifth part explores the types 
of large-scale poverty-returning risk based on K-means clustering algorithm; and lastly, the conclusions and 
policy implications are drawn from the paper’s findings.

2. Literature review

This paper aims to use machine learning algorithms to study the prediction and pattern recognition of 
large-scale poverty-returning, and there are three main strands of related literature.

In the first category of literature, based on poverty vulnerability theory and sustainable development theory, 
most studies use econometric approaches to analyze the inducing factors of poverty-returning. For example, 
Fan et al. (2023) explore the effects of various livelihood capitals, such as labor and land, on the risk of 
poverty-returning based on the perspective of poverty vulnerability theory. The results of Pan et al. (2022), 
based on the analytical framework of the vulnerability analysis, indicate that the economic dimension 
has a more significant effect on poverty-returning. Overall, the factors leading to poverty-returning are 
multifaceted, which can be divided into internal and external poverty-returning risks. Specifically, external 
risk shocks mainly include natural disaster risks such as climate change (Benali et al., 2018; Guo et al., 
2023; Li et al., 2022; Xu and Yang, 2022), market risks caused by changes in supply and demand in the 
agricultural market as well as fluctuations in commodity prices (Komarek et al., 2020; Tothova, 2011), the 
social risk from factors such as employability and environmental integration, policy withdrawal, and policy 
risk from program failure (Adrian et al., 2019; Demissie and Kasie, 2017). Internal risks, on the other hand, 
are mainly derived from internal factors such as individuals’ education, health, natural resource endowment 
of the region in which they are located, and the economic situation of the family (Gloede et al., 2015; Mina 
and Imai, 2017; Wang et al., 2022).

Based on the identification of risk factors for poverty-returning, some studies have attempted to assess the 
level of risk of poverty-returning. Binary logistic regression analysis is the most commonly used method 
for constructing the predictive model of poverty-returning risk. For example, He et al. (2022) used a logistic 
regression model to assess the risk of poverty-returning of rural households in ecologically fragile areas. 
Similarly, Li et al. (2023) evaluate the risk of poverty-returning of farmers who escaped from poverty with 
the help of resilience indicators, using the micro-panel data from two periods of the China Household Finance 
Survey. Besides, some literature applies machine learning to explore the risk of poverty-returning, such as 
Zhang et al. (2022a,b) using BP neural network to explore the excessive subjectivity in the identification 
of poor households and the risk of poverty-returning, and Wang (2023) using an artificial neural network to 
assess the dynamic evolution law and main influencing factors of the multidimensional poverty-returning 
index. More relevant to this paper is the study of Onsay and Jomar (2024), which utilized machine learning 
regression and classification algorithms to measure multidimensional poverty in the poorest regions of the 
Philippines, proving that poverty is affected by multidimensional factors and, on the other hand, the study 
verified the feasibility of machine learning for poverty prediction.

The third strand of the literature focuses on establishing a monitoring and early warning mechanism for the 
risk of poverty-returning from the policy perspective. In terms of preventing poverty-returning, Du and Rong 
(2023) construct an early warning and evaluation system for poverty-returning and make recommendations 
based on the results of the early warning and evaluation to reduce the risk of poverty-returning. First of all, 
the establishment of a sound market-oriented employment assistance system is considered to be the key 
policy to prevent households from relapsing to poverty. At the same time, the full use of external resources 
and the empowerment of advanced information technology can realize the endogenous development of 
poverty-stricken households, thus avoiding the poverty-returning.
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Existing literature has provided an insightful theoretical perspective for this paper, but further exploration 
is needed. First of all, the existing research pays more attention to evaluating and analyzing the risk of 
poverty-returning, reflecting a kind of ex-post analysis, which is difficult to carry out effective ex-ante 
intervention. Thus, there is an urgent need to explore the prediction of the risk of large-scale poverty-returning 
from the perspective of ex-ante analysis. Secondly, most of the analysis in the literature mainly stays at the 
micro level and has not yet fully considered the differences between the large-scale poverty-returning at 
the regional level and the micro-individuals’ return to poverty. Consequently, the research conclusions may 
not be able to effectively serve the policy formulation of preventing large-scale poverty-returning. Finally, 
methodologically, the existing prediction and pattern recognition of the risk of large-scale poverty-returning 
mainly relies on traditional econometric analysis for parameter estimation, while the potential of machine 
learning algorithms has not yet been fully paid attention to. In contrast, machine learning algorithms have the 
unique advantages of high efficiency, dynamics and precision in risk early warning and pattern recognition, 
and do not rely on any preset model assumptions, which could well serve the technical needs of this study. 
In view of this, this paper takes a new perspective, using machine learning algorithms to study the prediction 
and pattern recognition of large-scale poverty-returning.

3. Variables, data and models

3.1 Description of variables

The key variables involved in the machine learning algorithm are as follows:

3.1.1 Output variables

The output variable is the risk of large-scale poverty-returning. Specifically, large-scale poverty-returning 
refers to the phenomenon that a large number of the population relapse into poverty in a given region. Thus, 
it can be concluded that the root of large-scale poverty-returning is individual poverty, but it is characterized 
by regional and group characteristics. Therefore, this paper first defines the identification criteria of individual 
poverty. Existing mainstream research mainly considers income or consumption as the identification criteria 
of individual poverty-returning (Xu et al., 2022, 2023). Considering that “two no worries, three guarantees” 
and income standard are the basic criteria for recognizing the poverty-returning in the practices of local 
governments, combined with the availability of data indicators, we take the income standard, education 
security, and medical security as the criteria for identifying individuals poverty-returning.

The poverty-returning is a dynamic phenomenon, that is, a relapse from a state of non-poverty to poverty. 
In some studies, the stages of poverty-returning have been defined as the three stages of “poverty → out 
of poverty → returning to poverty” from a narrow perspective. In this paper, we focus on the phenomenon 
of poverty-returning in a broader sense, that is, “non-poor → returning to poverty”, a measure that 
comprehensively covers the population returning to poverty and is more in line with the objectives of current 
policy implementation in China. Therefore, we use the tracking samples from the 2018 and 2020 periods 
of the China Family Panel Studies (CFPS) data for identification. Specifically, a household is defined as 
being in poverty when its per capita income level is below the national poverty line, when a child of school 
age drops out of school, or when the household has difficulty affording medical expenses. Individuals are 
identified as poverty-returning if they were non-poor in 2018 but fell into poverty in 2020.

As mentioned above, large-scale poverty-returning emphasizes more on regionality. Therefore, this paper 
defines the risk of large-scale poverty-returning at the village level. Based on the identification of individual 
return to poverty, we further calculate the poverty-returning rate at the village level, that is, the ratio of the 
number of rural households experiencing poverty-returning to the total number of households in the same 
village. When the poverty-returning rate of a village is higher than the average, the village could be defined 
as having a high large-scale poverty-returning risk and assigned a value of 1, and vice versa.
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3.1.2 Input variables

The input variables are the risk factors of large-scale poverty-returning. Particularly, we determine the 
indicators based on the Sustainable Livelihoods Framework (SLF). Specifically, livelihood capital is the 
core of SLF, which contains five types of capital: human capital, physical capital, financial capital, natural 
capital, and social capital, which are the abilities and resources that individuals need to make a sustainable 
living. That is, the poverty-returning is due to the inability of the population to utilize the relevant resources 
to maintain sustainable development (Chen et al., 2017). Therefore, the risk of poverty-returning may come 
from five aspects: the risk of human capital, the risk of physical capital, the risk of financial capital, the risk 
of natural capital, and the risk of social capital.

In summary, based on the SLF, the input variables contain five dimensions of capital: human capital, physical 
capital, financial capital, natural capital, and social capital. The relevant variables involved are as follows:

Human capital consists of mental and physical human capital. Precisely, mental human capital is measured 
by the level of education and digital ability of the village; physical human capital is measured by the health 
status of village farmers and the proportion of the labor force. Physical capital mainly includes the value of 
village houses, the value of agricultural machinery and equipment, medical infrastructure, economic growth, 
and the income level of village farmers. Economic growth is measured by nighttime light data, which is 
derived from satellite remote sensing data. Financial capital includes the average amount of deposits, loans, 
and government subsidies in the village. Natural capital consists of five indicators: land assets, rainfall, 
temperature, slope, and ecological quality. Among them, satellite remote sensing data derives the four 
geo-environmental indicators of precipitation, temperature, slope, and ecological quality. Social capital 
mainly includes the level of trust among village neighbors and gift expenditure.

In summary, the algorithm training involves 19 input variables, as measured by the specific indicators shown 
in Table 1.

3.2 Data sources

This paper has two primary data sources for training machine learning algorithms. The first dataset is the 
traditional socio-economic survey data. This part of the data comes from the 2018 and 2020 China Family 
Panel Studies (CFPS), a nationally representative sample survey of family households conducted biannually 
since 2010 for all members of about 16,000 households across the country. The survey covers various research 
topics, including household economic activity, educational outcomes, family relationships and migration, 
and health. The data provides the essential information needed for this research. Its comprehensive survey 
information reflects the current living conditions of households lifted out of poverty and reveals the underlying 
factors influencing large-scale poverty-returning. Moreover, the long-term tracking records of the CFPS 
provides continuous dynamic data, allowing an in-depth analysis of poverty-returning trends and patterns. 
This feature greatly benefits the use of machine learning approaches in this study, ensuring the models 
accurately capture multi-dimensional and multi-stage characteristics of poverty-returning, thereby enhancing 
the study’s accuracy and scientific validity. Based on the previous definition of large-scale poverty-returning, 
we finally get a sample of 143 villages.

The second dataset is satellite remote sensing data. It is difficult to comprehensively capture the potential 
risk factors of large-scale poverty-returning through micro-level socio-economic surveys alone, which 
need to be supplemented by big data technology. In this scenario, satellite remote sensing image data have 
explicit geospatial attributes, can accurately locate the area where the village is located, and provide relevant 
geographic information, which makes satellite remote sensing data have unparalleled advantages in poverty 
prediction and identification (Wang et al., 2021). Specifically, the five indicators, namely, nighttime light 
intensity, average annual rainfall, average annual temperature, terrain slope, and ecological quality index, 
are derived from satellite remote sensing data.
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Table 1. Variable definitions
Dimension Variable Definition

Human 
capital

1.	 Educational attainment Average years of schooling of village labor force (years)
2.	 Digital competence Importance of the Internet for access to information (1 is very 

unimportant, 5 is very important)
3.	 Health status Self-assessed health status (1 is unhealthy, 5 is very healthy)
4.	 Number of laborers Percentage of village labor force (%)

Physical 
capital

1.	 House value Average market value of houses occupied by village farmers 
(yuan)

2.	 Value of agricultural 
machinery and equipment

Average value of farm machinery for village households (yuan)

3.	 Medical infrastructure Evaluation of access to health care in the area where the village 
is located (1 is very dissatisfied, 5 is very satisfied)

4.	 Economic growth Brightness of lights at night in the area where the village is 
located (–)

5.	 Income level Average income level of village households (yuan)
Financial 
capital

1.	 Deposits Average cash and deposits of village households (yuan)
2.	 Loans Average amount of loans to village households, including bank 

borrowing versus private family and friend borrowing (yuan)
3.	 Government subsidies Average government subsidy for households (yuan)

Natural 
capital

1.	 Land value Average value of land (yuan)
2.	 Rainfall Average annual rainfall in the area where the village is located 

(mm)
3.	 Temperature Average annual temperature of the area where the village is 

located (°C)
4.	 Slope Slope of the terrain in the area where the village is located (–)
5.	 Ecological quality Eco-quality index of the area where the village is located (–)

Social 
capital

1.	 Level of neighborhood 
trust

Level of trust in neighbors (1 is very distrustful, 10 is very 
trustful)

2.	 Expenditure on gift Per capita village expenditure on favors and gifts (yuan)

3.3 Machine learning algorithms

First of all, in the prediction of large-scale poverty-returning risks, the model we use is the random forest 
algorithm in supervised learning. The advantage of this algorithm is that it can not only effectively avoid 
the over-fitting problem of a single decision tree model but also does not need to carry out feature selection, 
which is one of the mainstream supervised learning algorithms. Secondly, in the pattern recognition of 
large-scale poverty-returning risks, the K-means clustering algorithm in unsupervised learning is used, 
which has a better clustering performance and fast convergence speed, and thus is widely used in clustering 
tasks (Wang and Yu, 2023; Zeng and Chen, 2023). The details of the two algorithms are described below.

3.3.1 Random forest algorithm

The random forest is a powerful machine learning algorithm for solving classification and regression 
problems (Breiman, 2001). The primary feature of this algorithm is based on multiple decision trees. First 
of all, several subsets of samples are randomly generated from the original data by the bootstrap sampling 
approach. This means that each decision tree has a different training dataset. Secondly, the random forest 
algorithm also introduces feature randomness in constructing each decision tree. Instead of selecting the 
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best feature from all the features in the splitting phase of each node, a random subset is generated at a time 
to make the selection. Finally, when all the decision trees are constructed, a final prediction result will 
come out by voting or weighted average. Based on this idea, multiple weak learners (i.e., decision trees) 
are integrated into one powerful learner. By introducing resampling, feature randomness, and integration 
strategies, the random forest algorithm effectively overcomes the overfitting problem and has an extensive 
range of applications. The technical details of the random forest algorithm are described below.

Considering a scenario in which a random vector (X, Y ) follows an independent distribution, we create a 
random training set from (X, Y ) vector by dividing it into an input vector X and an output vector Y. Thus, 
we can denote the mean-square generalization error of the prediction result h(X ) as EX,Y(Y − h(X ))2. The 
prediction result of random forest is derived from the results of k-independent decision trees {h(θ, Xk)}, and 
the final prediction value is the average of these results. The random forest algorithm relies on the following 
two theorems:

Theorem 1: When k → ∞

E Y h X E Y E XX Y k k X Y k, ,( ( )) ( ( )), ,2 2� (1)

In equation (1), the right part of the equation represents the predictive effectiveness metrics of the random 
forest algorithm, denoted as PE**, and PE* indicates the average predictive effectiveness of a single decision 
tree. PE* satisfies the following theorem:

PE* = Eθ EX,Y (Y − h(X, θ))2� (2)

Theorem 2: For all randomly generated training sets θ:

PE** ≤ ρ̄ PE*� (3)

Considering the scenario where θ is uncorrelated with θ′, ρ̄ indicates the weighting coefficient between 
the residuals Y − h(X, θ) and Y—h(X, θ′ ). The above theorem illustrates the preconditions for improving  
the accuracy of random forest. To further improve the prediction ability, the random forest algorithm adopts 
the weighting strategy ρ̄. In the following part, we will introduce the implementation process of this algorithm 
in detail step by step.

Step 1: The bootstrap method is used to resample the sample set in order to generate k random training 
subsets θ1, θ2,…, θk. Each of the generated training subsets can further develop specific decision trees  
{T(x, θ1)}, {T(x, θ2)}, … {T(x, θk)}.

Step 2: In the process of decision tree construction, we randomly select m features from all the M features 
and use them as the feature set when the current decision tree is split. Then, we select the optimal split from 
these m features (the value of m should be constant).

Step 3: No pruning1 operation is performed on a single decision tree to allow maximum expansion of the 
decision tree.

Step 4: Calculate the value of leaf node l(x, θ) and output the result of the operation of T(θ) after taking the 
mean value. Corresponding to an observation Xi, the weight wi(x, θ) can be expressed as:

1  The decision tree is pruned for removing some unnecessary logical judgments and merging the subsets.
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Step 5: The result of a particular decision tree is obtained by a weighted average of the observations  
Yi (i = 1,2,…, n) of the input variable x. The following equation gives the result of the operation of a single 
decision tree:

( ) ( , )u x w x Yi
i

n

i
1
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Step 6: The weights of the decision tree wi(x, θt)(t = 1,2,…, k) are averaged to get the weights of each 
observation Yi ∈(1,2,…, n) wi (x)

w x
k

w xi
i

k

i
1

1
, � (6)

Therefore, the final output value of the algorithm can be obtained by the following equation:

U x w x Yi
i

n

i
� ( ) ( )

1
� (7)

3.3.2 K-means algorithm

The K-means algorithm stands out as a classical representative among unsupervised machine learning 
algorithms, primarily employed in processing large-scale, high-dimensional data points (Likas et al., 2003; 
Yu and Maruejols, 2023). These data points, often characterized as cluster centers, play a pivotal role in data 
clustering. By employing a minimal number of representative points, the algorithm significantly alleviates the 
computational and data processing burden on the system. The fundamental concept underlying this clustering 
algorithm revolves around partitioning data into clusters, where data points within the same cluster exhibit 
similarities, while those in different clusters display significant dissimilarities. A critical aspect of this method 
involves pre-determining the number of clusters, followed by several rounds of iterative calculations aimed 
at progressively minimizing the error value of each objective function. This iterative process continues until 
the objective function approaches stability, thereby facilitating the effective clustering of data. The K-means 
algorithm’s versatility and efficiency make it particularly well-suited for applications involving large-scale 
datasets, contributing to its widespread acclaim in the realm of unsupervised machine learning.

When applying this clustering algorithm, the goal is to minimize the squared error between each data 
point and the cluster center to which it belongs. Suppose we have set the dataset to contain h cluster 
centers, and by default, the first k cluster can be denoted as the set Gk. Suppose Gk contains nk data points  
{X1k, X2k,…Xnk} and denote the center of the cluster as yk. In this case, the squared error of the cluster ek 
can be defined as:

e x yk
i

n

ik k| |
1

2� (8)
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Here, we need to specify that each data point xik belongs to a specific cluster Gk. Therefore, the total squared 
error for the h clusters E can be defined as the sum of the squared error for each cluster, i.e., the error function 
for the sub-cluster can be obtained:

E ek
h

k1
2� (9)

The K-means algorithm is an algorithm that aims to find the h  that minimizes the error function E and the 
corresponding cluster centers. The steps of the K-means algorithm are as follows:

Step 1: Set the number of clusters h and select h samples as the initial cluster centers.

Step 2: The distance between each sample and each default clustering center is calculated separately. 
Subsequently, each sample is assigned to the cluster center with the closest distance, thus forming an initial 
set of clustered data samples.

Step 3: For all samples within each cluster, the center (i.e., the mean value) of the cluster is recalculated, and 
this value is then used as the new center of the cluster. Each sample is then reassigned again to the closest 
cluster based on the distance between the sample and the new center.

Step 4: Repeat the first three steps until the clustering members reach a steady state, which means the 
clustering task has been completed.

4. Prediction of the large-scale poverty-returning risks

4.1 Prediction results based on the random forest algorithm

The random forest is an ensemble learning algorithm that takes decision trees as the basic unit and forms 
a random forest by integrating a large number of decision trees. Therefore, a key parameter of the random 
forest algorithm is to determine the optimal number of decision trees. Under the optimal number of decision 
trees, the random forest algorithm can achieve the optimal prediction performance. As shown in Figure 1, 
when the number of decision trees is 50, the random forest algorithm has the lowest out-of-bag error2 (OOB) 
rate, which means that the model predicts with the highest accuracy.

Accordingly, a random forest model with a number of decision trees of 50 is developed in this paper. 
The prediction results of this model show that the out-of-bag error rate (OOB) is 16.28%, indicating that 
the accuracy of the out-of-bag sample (out-of-bag sample) is 83.72%. Based on the testing results of the 
training dataset, we further use the test dataset to calculate the prediction results of the trained model. The 
results show that, based on the test dataset, the prediction accuracy of villages with a high risk of large-scale 
poverty-returning is as high as 91.23%. In this case, we can conclude that the five types of capital prediction 
indicators constructed based on the Sustainable Livelihoods Framework are able to accurately predict 91.23% 
of the villages with a high risk of large-scale poverty-returning. In addition to the above evaluation indicators, 
sensitivity and specificity based on the confusion matrix are also commonly used model evaluation indicators. 
The calculation results show that the model’s sensitivity is as high as 95.65%, and the specificity reaches 
88.23%. As such, the random forest algorithm confirms the prospect and application value of supervised 
machine learning algorithms in predicting the large-scale poverty-returning risk.

2  The meaning of out-of-bag refers to the assumption that the total number of samples is M, and only N samples are collected in one sampling, 
which means that there are M - N samples that are not collected for the training of the model, and these samples can be used as a later test of the 
prediction error of the Random Forest model, i.e., the out-of-bag prediction value is compared with the actual observation value, and the out-of-bag 
error is calculated.
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Figure 1. Number of optimal decision trees.

4.2 Evaluation of the importance of variables and economic interpretation

To enhance the interpretability of the algorithm and avoid the “black box” problem of machine learning, 
we further analyze the importance of the variables in the prediction. In the random forest algorithm, the 
decrease in the average Gini coefficient due to each variable can be measured and averaged over each decision 
tree to obtain the importance of the variable. Following this line of thought, Table 2 presents the variable 
importance ranking in the predictions generated by the random forest algorithm. The top six variables, listed 
in descending order of significance, include educational attainment, health status, government subsidies, farm 
household income, regional economic development, and ecological quality. This investigation highlights 
a robust correlation between these factors and the risk of large-scale poverty-returning, offering valuable 
insights for predicting such risks.

Beyond the conventional variables like education, health, government subsidies, and farmers’ income, satellite 
remote sensing data indicators, such as nighttime light intensity (a proxy for regional economic development) 
and ecological quality, emerge as crucial variables in predicting the risk of large-scale poverty-returning. 
These indicators not only address the limitations of traditional economic and social statistical indicators 
but also offer the advantages of high-frequency, real-time, and convenient data. Such inclusion contributes 
to enhancing monitoring and early-warning efficiency regarding the risk of large-scale poverty-returning.

The descriptive statistical analysis results for the significant variables are presented in Table 3. The statistical 
tests for differences in group means demonstrate that the group means of the six critical predictor variables 
exhibit significant differences at the 1% level. Subsequent comparisons underscore that villages with a 
high risk of large-scale poverty-returning consistently exhibit inferior factor endowments across all aspects 
compared to villages with low risk.

Firstly, The variable contributing most to the model’s prediction accuracy is the human capital of village 
households, encompassing education levels and physical health. As evidenced by the statistical results in 
Table 3, villages with a high risk of large-scale poverty-returning exhibit a low level of human capital, while 
those with a low risk demonstrate a higher level of human capital. Despite the various support measures 
during the poverty eradication stage contributing significantly to the development of low-income populations, 
the enduring sustainability of poverty eradication hinges on the endogenous development capabilities of 
the population that has been lifted out of poverty. Obviously, the resilience against the potential risk of 
poverty-returning is contingent on the formation of endogenous development capabilities and the realization 
of sustainable income growth. The statistical analysis reveals that farmers in villages with a high risk of 
large-scale poverty-returning possess a lower level of education, rendering them less competitive in the 
job market, especially in the era of the digital economy, where the demand for skilled labor is escalating. 
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Table 2. Importance of variables
Order of importance Variable Order of importance Variable

1 Educational attainment 7 Deposits
2 Health status 8 Land value
3 Government subsidy 9 Housing value
4 Income level 10 Slope
5 Economic growth 11 Loan size
6 Ecological quality 12 Gift expenditure

Table 3. Group differences of important variables
Important variable Low risk of 

poverty-returning
High risk of 
poverty-returning

Difference in means 
between groups

Educational attainment 6.258 4.610 1.649***

Health status 3.387 2.807 0.581***

Government subsidy 3113.465 1427.204 1686.261***

Income level 42953.040 32522.380 10430.660***

Economic growth 0.843 0.332 0.511***

Ecological quality 0.507 0.453 0.054***

*, ** and *** indicate significance at the 10, 5 and 1% level, respectively.

Simultaneously, the physical health of farmers in high-risk villages is notably compromised. Numerous 
studies consistently emphasize the role of health-related factors, with “returning to poverty due to illness” 
identified as a significant contributor to poverty-returning (Liao et al., 2020; Xiao et al., 2023). A diminished 
health status not only impedes effective socio-economic activities and jeopardizes a secure income source 
for the population out of poverty but also entails elevated medical expenditure costs. This challenge not only 
obstructs effective socio-economic activities but also escalates the risk of poverty-returning.

In addition to the human capital of village farmers, the village’s physical and financial capital emerge as 
variables with substantial predictive contributions, encompassing government subsidies, the income level 
of farmers, and the regional economic development level. Consistent with the statistical results in Table 3, 
villages with a high risk of large-scale poverty-returning receive significantly lower government subsidies 
than those with a low risk. Government subsidies are pivotal in poverty reduction and income augmentation, 
particularly for individuals with limited working ability. For those who lack the means to sustain their 
basic livelihoods, reduced government subsidies may lead to a precarious economic situation, increasing 
the likelihood of a return to poverty. Furthermore, the level of physical capital is crucial for ensuring the 
sustainable development of the population out of poverty. At the micro level, the income generated by 
individuals who have escaped poverty satisfies their material needs and facilitates various socio-economic 
activities. This income level is instrumental in determining their ability to maintain their welfare effectively. 
Accordingly, rural households in villages with a low risk of large-scale poverty-returning demonstrate higher 
income levels, contributing to the assurance of their basic welfare. From a macro perspective, the income 
growth of the population out of poverty is intricately linked to regional economic development. A high 
level of regional economic development creates a conducive economic and industrial growth environment, 
offering more employment and entrepreneurial opportunities for the impoverished population. Additionally, 
it supports the enhancement of local government revenues and increases financial transfers at the regional 
level, further bolstering the economic resilience of the population out of poverty.
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Lastly, the natural capital of the village, precisely the ecological quality, reveals noteworthy patterns in the 
statistical results from Table 3. It is evident that villages with a high risk of large-scale poverty-returning 
exhibit significantly lower ecological quality than villages with low risk. This underscores the vital role 
of ecological quality in shaping the potential for large-scale poverty-returning. Natural risk shocks, often 
manifesting as natural disasters, emerge as a critical factor influencing poverty-returning for individuals who 
have successfully escaped poverty. Villages with poor ecological quality are more susceptible to natural 
disasters, rendering individuals whose livelihoods predominantly rely on agricultural production particularly 
vulnerable to large-scale poverty-returning triggered by natural risk shocks. Moreover, the consequences 
of natural disasters threaten the lives and property of village residents and potentially hamper the village 
economy’s development. These detrimental effects are detrimental to the sustainable development of the 
impoverished population. Addressing and mitigating the ecological risks impoverished communities face 
is crucial to ensuring their sustainable development.

5. Identifying patterns of large-scale poverty-returning risks

The preceding section employed the random forest algorithm as a supervised learning approach to predict the 
risk of large-scale poverty-returning, identifying crucial variables for model predictions. While the random 
forest provides valuable insights for ex-ante intervention based on its predictive capabilities, it is essential 
to acknowledge the inherent regional variations in the characteristics of large-scale poverty-returning risk. 
Effectively managing the risk of large-scale poverty-returning requires a comprehensive understanding of 
diverse patterns associated with this risk across different regions. This paper will further employ unsupervised 
learning, specifically the K-means algorithm, to address this need. The objective is to unveil distinct patterns 
of large-scale poverty-returning risk and elucidate their intrinsic characteristics.

5.1 Pattern recognition results based on the K-means algorithm

The K-means algorithm, a prominent technique in unsupervised learning, serves as the primary method for 
cluster analysis. This method delves into the intrinsic characteristics of sample data, aiming to make the 
features of observations within the same category as similar as possible while ensuring that the features of 
observations across different categories are as dissimilar as possible. Thus, the K-means algorithm is a robust 
analytical tool pivotal for identifying patterns associated with large-scale poverty-returning risk in this paper.

Choosing the optimal number of clusters is a critical step in the K-means clustering algorithm, and various 
selection criteria have been proposed by scholars to address this issue. Common criteria include the Silhouette 
Coefficient, Calinski–Harabasz Criterion, Davies–Bouldin Criterion and Elbow Rule, each providing a 
different perspective on optimal clustering. However, using a single index for selection may introduce bias 
in the clustering results, as each criterion has its own strengths and limitations. To address this challenge, this 
paper adopts the majority principle suggested by Charrad et al. (2014), considering multiple selection criteria 
simultaneously. The analysis reveals that among 23 selection guidelines, 13 indicate that the optimal number 
of clusters is 3. Consequently, based on the majority principle, the final number of clusters selected for this 
paper is 3. This implies that three distinct patterns are associated with the risk of large-scale poverty-returning, 
providing a more comprehensive understanding of the variations in these patterns across different regions.

5.2 Characterization of risk patterns of return to poverty at scale

In applying the K-means clustering algorithm, this paper successfully identifies three distinct patterns associated 
with the risk of large-scale poverty-returning, as illustrated in Figure 2. Building upon the characteristics 
observed in these three patterns, the paper defines each type of risk pattern.

The first category is defined as having a low risk of large-scale poverty-returning. Villages falling into this 
category exhibit a low incidence of large-scale poverty-returning. Across all dimensions of sustainable 
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Figure 2. Poverty-returning risk pattern.

livelihood capital, these villages demonstrate favorable conditions, showcasing elevated levels of human, 
physical, financial, and social capital. Additionally, in terms of natural capital, these villages boast a better 
ecological environment and climatic conditions than the other two types. This pattern indicates that when 
villages have more favorable sustainable livelihood capital conditions, the rural households enjoy sufficient 
resource guarantees, effectively reducing the risk of large-scale poverty-returning.

The second category is defined as the three-risk pattern. Villages falling into this category experience a 
significantly higher rate of large-scale poverty-returning compared to the first type, indicating a heightened 
scale risk of poverty-returning. Specifically, the risk in villages with this pattern is concentrated in human, 
physical, and social capital risks. Firstly, in terms of human capital, villages in this category exhibit lower 
levels of education and poorer health conditions. As discussed earlier, insufficient human capital in terms of 
education and health hinders the formation of self-development capabilities, leading to a higher likelihood 
of poverty-returning. Secondly, concerning physical capital, all types of physical capital in these villages 
are low. This impedes their ability to withstand external risk shocks due to inadequate assets and limits 
opportunities for economic development. Lastly, regarding social capital, villages in this category display 
significantly lower levels of neighborhood trust. Additionally, it’s noteworthy that high gift expenditures 
may crowd out investments in education, health, and production. Despite these challenges, financial capital 
and natural capital remain relatively favorable for this type of village.

The third category is defined as the five-risk pattern. Villages in this category exhibit the highest rate of 
large-scale poverty-returning among the three types, drawing significant attention from policymakers. 
Relative to the first and second types of villages, the level of sustainable livelihood capital in this category 
is not optimistic. Firstly, concerning human capital, both mental human capital (education, numerical ability) 
and physical human capital (health, number of laborers) are at the lowest levels among the three types of 
villages. This suggests that a substantial portion of the rural households in these villages may lack the ability 
to work, constraining their participation in economic production activities. Consequently, the channels for 
endogenous income generation are severely restricted. Secondly, regarding physical and financial capital, 
villages in this category also exhibit the lowest levels. This leads to a dual challenge: a lack of adequate 
physical and financial capital for economic production activities and a precarious livelihood situation due to 
low government financial subsidies, particularly for those lacking labor capacity. Regarding natural capital, 
these villages face notable deficiencies in natural resource conditions, such as high topographic slopes, low 
rainfall, and poor ecological quality. This exposes them to greater natural risk shocks, adversely affecting 
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agricultural production activities. Additionally, in the realm of social capital, while the level of neighborhood 
trust is relatively sound, the average level of gift expenditures by village farmers is the highest among 
the three types of villages. In the absence of adequate economic support, heightened levels of human gift 
exchanges are likely to deteriorate the economic situation of the households further. In summary, the third 
category of villages faces greater risks across human, physical, financial, natural, and social capital. This 
elevated risk profile contributes to a high rate of poverty-returning in this category, making it susceptible to 
the phenomenon of large-scale poverty-returning.

The preceding analysis underscores discernible disparities in the livelihood capital among villages exhibiting 
varying patterns of large-scale poverty-returning. Consequently, targeted interventions aimed at forestalling 
large-scale poverty-returning necessitate a precise approach tailored to local conditions. For instance, for 
the five-risk pattern, the principal policy objective should center on fortifying basic needs through financial 
support, ensuring that individuals lacking the capacity can sustain a fundamental livelihood. Contrastingly, 
for the three-risk pattern, the populace possesses a certain degree of labor capability. Therefore, the primary 
thrust of policy orientation at this stage involves preferential policies and implementing measures conducive 
to fostering economic and industrial development in these areas. The overarching goal is to empower the 
population effectively, enabling them to extricate themselves from poverty. Conversely, for the low-risk 
pattern, it is essential to enhance social security entitlements to allow individuals to exercise their right to 
development, thereby realizing sustainable development.

6. Conclusions and policy implications

While China has successfully eradicated absolute poverty, the vulnerability among those who have escaped 
from poverty underscores the persisting risk of large-scale poverty-returning. Effectively predicting and 
proactively intervening to mitigate the risk of large-scale poverty-returning constitute crucial measures to 
sustain the achievements made. Machine learning, distinguished by its high efficiency, dynamic adaptability, 
and precision in early warning and pattern recognition, emerges as a potent tool for discovering the risk of 
large-scale poverty-returning. Therefore, this study endeavors to employ machine learning methodologies 
for the prediction and pattern recognition of large-scale poverty-returning risks. Adopting machine learning 
techniques represents a noteworthy contribution to the existing literature, enhancing the analytical toolkit 
available for comprehending and addressing the complexities associated with large-scale poverty-returning.

Building upon the Sustainable Livelihood Framework, this paper integrates data from the China Family 
Panel Studies (CFPS) and satellite remote sensing, employing machine learning algorithms such as the 
random forest and K-means clustering to investigate the prediction and pattern recognition of large-scale 
poverty-returning risks. The study concludes that the random forest algorithm demonstrates a commendable 
accuracy of 91.23% in predicting villages with a high risk of large-scale poverty-returning, affirming 
the promising prospects and value of supervised machine learning algorithms in forecasting large-scale 
poverty-returning. Moreover, the identification of crucial variables further enhances our understanding of 
the dynamics of poverty-returning. Notably, education level, health condition, government subsidy, income 
level of farmers, regional economic development, and ecological environment quality emerge as the top 
six contributors. These findings establish a factual basis for crafting preventive measures against the risk of 
large-scale poverty-returning. Subsequent clustering analysis identifies three distinct categories of large-scale 
poverty-returning risk: low-risk pattern, three-risk pattern, and five-risk pattern. Notably, the livelihood capital 
across various dimensions is consistently low in the five-risk pattern, signifying a heightened susceptibility to 
large-scale poverty-returning. This demands particular attention in policy formulations aimed at preventing 
large-scale poverty-returning.

The aforementioned findings carry significant policy implications. Firstly, there is a pressing need to expedite 
and enhance the establishment of a robust monitoring and early-warning mechanism for the risk of large-scale 
poverty-returning. Mitigating large-scale poverty-returning risk hinges on timely and effective preemptive 
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measures. The conventional approach to identifying poverty-returning risk, relying on manual identification 
and one-by-one investigation, demands substantial workforce and material resources and is susceptible to 
issues such as delayed intervention in poverty alleviation efforts. Therefore, governments should harness 
the advantages of artificial intelligence and big data technology in the digital era to establish a modernized 
monitoring and early-warning system for the risk of returning to poverty on a large scale. This system should 
comprehensively capture internal and external risk elements associated with large-scale poverty-returning, 
enabling a dynamic screening and early intervention mechanism. The aim is to furnish efficient information 
supply and decision-making support for the governance of the risk of large-scale poverty-returning.

Secondly, tailored policy approaches are imperative for villages with distinct risk patterns. For the five-risk 
pattern villages, the implementation of social security measures, colloquially referred to as “bottoming out” 
policies, is pivotal. These policies serve to establish a robust safety net, averting poverty-returning. It extends 
essential economic aid and living assistance to individuals lacking employable skills who have relapsed into 
poverty. Simultaneously, infrastructure construction should be enhanced to improve transportation, water 
supply, and irrigation systems. Additionally, financial support should be offered through pro-poor loans and 
interest-subsidy policies to assist villagers in developing their production activities. Furthermore, ecological 
compensation and environmental management measures have been implemented to foster sustainable 
agricultural development.

For three-risk pattern villages, which face moderate risks in human, physical, and social capital but are 
relatively strong in financial and natural capital, the policy focus should be on “empowering” the population to 
escape poverty. Also, supporting flexible employment and industrial development, developing local specialty 
industries, and offering skills training are crucial to ensuring that population escaping poverty have a stable 
income source. Besides, education and health services should be strengthened to improve rural households’ 
education, health, labor capacity, and employment competitiveness. Meanwhile, promoting rural households’ 
cooperatives and community activities can enhance trust and cooperation, reduce the burden of excessive 
cash gifting, and foster a stronger mutual assistance mechanism within villages. Lastly, sustained efforts are 
required for the low-risk pattern villages to advance the integrated development of urban and rural areas. 
This involves realizing the amalgamation of urban and rural social security systems. Essential to this effort 
is providing “fair, equitable, and shared” social security entitlements encompassing education, healthcare, 
and old-age pensions for the impoverished populace. Alleviating discrimination and employment inequalities 
is paramount, reinforcing impartial opportunities for the poor. This, in turn, propels sustainable livelihoods 
for the impoverished population.
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