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Poverty caused by disasters poses a great challenge to consolidate the achievements
of poverty alleviation. Livelihood resilience is the key factor for farmers to resist risks
and get rid of poverty. Therefore, this study used the China Family Panel Studies
(CFPS) database. Firstly, we examined the impact of natural disasters on the poverty
vulnerability of farmers. Secondly, taking livelihood resilience and its decomposition
dimensions as threshold variables, we examined the mechanism of livelihood resilience
between natural disasters and poverty. The results show that natural disaster shocks,
natural disaster intensity, and natural disaster frequency all had a significant positive
effect on farm households’ vulnerability to poverty. The threshold test shows that natural
disasters had larger effects on the poverty vulnerability of the farmers with lower buffer
capacity, self-organizing capacity, and learning capacity. When the livelihood resilience
value exceeded the third threshold, the impact of natural disasters on the poverty
vulnerability of farmers turned from positive to negative. When the buffer capacity
exceeded the third threshold, the impact of natural disasters on poverty vulnerability
turned from positive to negative; when the self-organizing capacity exceeded the
first threshold, the impact of natural disasters on poverty vulnerability turned from
positive to negative; when the learning capacity exceeded the third threshold, the
impact of natural disasters on poverty vulnerability turned from positive to negative.
Therefore, it is suggested that appropriate policies should be needed to support farmers’
livelihood resilience and address disaster-induced poverty by improving farmers’ buffer
capacity, self-organizing capacity, and learning capacity. Focusing on farmers’ livelihood
resilience, government should establish a policy support system aimed at improving
farmers’ buffer capacity, self-organizing capacity, and learning capacity, that will help
farmers to escape from disaster-induced poverty.

Keywords: livelihood resilience, threshold effect, poverty vulnerability, natural disaster, farm household

INTRODUCTION

Poverty caused by disasters has always been a huge challenge to consolidate poverty alleviation.
Natural disasters directly affect crop production and farmers’ livelihoods, threaten farmers’
sources of income and living conditions, and easily lead non-poor farmers into poverty
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and those who have been lifted out of poverty back into
poverty. According to the World Meteorological Organization’s
(WMO) Statement on the State of the Global Climate in
2019, the decade 2010–2019 has been the hottest on record
(Kappelle, 2020). Global warming has increased water circulation
and caused more catastrophic climate disasters such as floods,
droughts, heatwaves, tropical cyclones, and wildfires (Donat
et al., 2016; Johnson et al., 2018), with tens of millions of the
population to become “climate refugees.” China is a country
severely affected by natural disasters. In 2020, various natural
disasters in China affected 138 million people, caused 5.891
million people to evacuate, damaged 1.807 million houses, and
destroyed 19.958 million hectares of crops. Currently, although
China has comprehensively addressed absolute poverty, large
population who have escaped from poverty still lack endogenous
development incentives and sustainable livelihoods. Some studies
show that 15% of people who have escaped from poverty have
a high risk of returning to poverty after 3–5 years (Chen
et al., 2020), and nearly 2 million people in China are at risk
of returning to poverty (Li, 2021). Livelihood resilience plays
an important role in helping farm households to resist risks
and escape from poverty. Adequate buffer capacity, learning
capacity, and self-organizing capacity provide strong support
for transforming farm households’ livelihood strategies and
stabilizing basic returns when coping with disasters. Therefore,
in order to improve farmers’ capacity to resist disasters and
consolidate the achievements of poverty alleviation, it is of great
significance to explore the impact of natural disasters on farmers’
poverty vulnerability from the perspective of livelihood resilience.

LITERATURE REVIEW

Many studies have focused on disasters and farm household
poverty. Hallegatte et al. (2015) argued that natural disaster
shocks to agricultural production and health prevented
households from escaping poverty. Yang et al. (2016) found that
meteorological disasters significantly reduced farmers’ incomes
in specific areas and negatively affected farmers’ agricultural
and non-agricultural incomes. Walsh and Hallegatte (2019)
incorporated socio-economic resilience into the risk assessment
framework and found that floods would immediately lead
Sri Lankans into poverty, especially for low-income groups.
However, some scholars argued that disasters have a boosting
effect on income. Banerjee (2007) analyzed the rise in demand for
agricultural labor in Bangladesh after floods, which instead led to
an increasing income of rural workers dependent on agricultural
wages for their livelihoods. Gignoux and Menéndez (2016)
found that individuals affected by the earthquake experienced
short-term economic losses, but recovered to their original levels
in the medium term (2–5 years) and even achieved long-term
gains after 6–12 years.

The concept of resilience first appeared in the study of
ecosystems to denote the ability to recover physical characteristics
under ecological changes (Holling, 1973). Adger (2000) first
introduced the concept of resilience into social science research.
Then, resilience has gradually been applied into study the ability
of human and social systems to recover livelihoods (Davidson,

2010). In studies of uncertainty and human wellbeing, the
concept of resilience has been further expanded. Nowadays,
livelihood resilience indicates an ability of a system to maintain
its original characteristics after a shock (Tambo, 2016), which
is widely used in economic organizational behavior, social-
ecological systems and disaster management. In measurement of
livelihood resilience, Speranza et al. (2014) built a framework of
buffer capacity, self-organizing capacity, and learning capacity.
Smith and Frankenberger (2018) classified livelihood resilience
into absorptive capacity, adaptive capacity, and transformational
capacity. Zhou et al. (2021a) considered livelihood resilience as an
important means of addressing disaster shocks, included farmers’
disaster prevention and mitigation capacity into the research
framework of livelihood resilience and measured livelihood
resilience in four dimensions: buffer capacity, self-organizing
capacity, learning capacity, and disaster resilience.

The impact of livelihood resilience on poverty can be discussed
in terms of buffer capacity, self-organizing capacity, and learning
capacity. Firstly, buffer capacity represents the degree of change
or disturbance that a system can withstand to maintain its
structure, function, and feedback. In the farmers’ livelihood
system, farmers can use existing accessible assets to cope with
shocks and capture opportunities for better livelihood outcomes.
For example, Wang W. et al. (2021) argued that the initial
livelihood capital endowment was critical for farm households
to escape from poverty. Some studies show that physical capital
such as agricultural means of production, housing and durable
goods are effective in reducing poverty occurrence among
farm households (Shinn and Gillespie, 1994; Amendola and
Vecchi, 2014; Oni and Oyelade, 2014). Secondly, self-organizing
capacity describes the impact of institutions, rights and social
organizational structures on livelihood resilience. Its impact
on poverty can alleviate poverty through institutional systems,
social organizations and groups as well as social networks (Jung,
2007; Yan, 2018). Thirdly, learning capacity emphasizes the
adaptive management of systems to transform knowledge into
productivity. Farmers with higher learning capacity can better
participate in the urbanization and industrialization process.
Thus, they can achieve a shift in livelihood strategy to escape from
poverty by working away from home or starting a business (Yang,
2012; Jia et al., 2017).

In general, a wide variety of research has been conducted
on the relationship between disasters and poverty as well as the
relationship between livelihood resilience and poverty. However,
there are still some shortcomings in existing studies. Firstly, the
definition of poverty focuses more on static absolute poverty,
which can only reflect the poverty status of rural households
in the current period instead of dynamical future trends of
poverty (Chaudhuri et al., 2002; Ligon and Schechter, 2003).
The poverty vulnerability index measures the likelihood of
falling into poverty for rural households in future periods,
which is forward-looking for measuring the impact of disaster
shocks on farm households’ poverty. Secondly, the impact of
natural disasters on farm household poverty has been rarely
studied from the perspective of livelihood resilience. Thus,
based on the definition of poverty vulnerability and livelihood
resilience, livelihood resilience was divided into buffer capacity,
self-organizing capacity, and learning capacity in this paper.
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Furthermore, the threshold role of the three capacities between
disaster and poverty was explored. This will provide a theoretical
implication and decision-making insight for reducing disaster
poverty risk and improving the livelihood sustainability of
farm households.

HYPOTHESIS

Disasters directly cause poverty, mainly by disaster-causing
factors, disaster risks and bearers. Poverty caused by disaster-
causing factors and disaster risks involves direct links between
disaster and poverty. Poverty caused by disaster factors is
manifested as economic losses and casualties of farmers due
to natural disasters. Such impacts hit farmers’ income and
consumption in the short term, causing them to be vulnerable
to poverty. Poverty by disaster risks involves the hidden poverty
driven by different disasters. There are differences in the impact
of low-frequency and high-loss intensive disasters and high-
frequency and low-loss widespread disasters on poverty of
farmers. The former type mainly causes economic losses and
deaths, while the latter has more cumulative indirect impacts.
For example, frequent rainstorms and droughts are major causes
of the continuous reduction of farmers’ agricultural income and
precarious livelihoods.

The impoverishment of bearing bodies is manifested in that
different hazard bearing bodies in the same intensity of disasters
magnify the losses of disasters due to higher cost value and
lower livelihood resilience in the face of disasters. That is, the
difference in the livelihood resilience of the carrier may lead to
changes in the direction or intensity of the effect of disasters
on poverty (Wilhite et al., 2007). Livelihood resilience can be
further divided into buffer capacity, self-organizing capacity, and
learning capacity according to its roles and functions in anti-
poverty. Firstly, as the households’ ability to resist risks, buffer
capacity is responsible for smoothing households’ production
and consumption, by which the household’s primary welfare
is maintained. Low buffer capacity will exacerbate the risk of
disaster shocks and prevent farmers from adjusting production
and livelihoods in time to adapt to environmental changes.
Consequently, farmers will fall into poverty trap. In contrast,
for those with sufficient buffer capacity, this short-term impact
is too limited to change their livelihood sources. Secondly, self-
organizing capacity represents the farmers’ ability to integrate
into the local economy, society and institutional environment.
When farmers are affected by disasters, components including
environmental and institutional factors are critical to helping
farmers effectively get rid of the predicament. For example,
factors such as convenient transportation and organizational
participation are conducive to farmers adopting non-agricultural
employment to respond to disaster shocks and mitigate the
negative impact of disasters. Thus, these will help farmers get
rid of poverty. Farmers with low self-organizing capacity cannot
integrate into neighboring systems and organizations when
dealing with disasters. It is difficult to avoid disaster risks and
thus farmers may fall into poverty. Thirdly, learning capacity
represents the farmers’ ability to adapt to disturbances. When
the livelihood development of farmers is exposed to short-term

disaster shocks, it can help farmers cope with the impact of
short-term disasters. However, with the increase of external
disturbances and their duration, farmers need to constantly adapt
to external disturbances while improving their abilities. In the
changing environment, farmers with strong learning capacity
can change their livelihood strategies in real time and take
adaptive measures such as labor transfer and non-agricultural
employment to alleviate the sharp fall in income caused by
disaster shocks. Farmers with weak learning ability are unable to
cope with disaster shocks by changing their livelihood strategies
and can only engage in agricultural production, which aggravates
their poverty vulnerability.

Hypothesis 1: Shocks, intensity and frequency of natural
disasters lead to poverty vulnerability of farm households.

Hypothesis 2: Natural disaster shocks have non-linear
effects on the poverty vulnerability of farm households with
a threshold of livelihood resilience.

METHODOLOGY AND DATA

Explained Variable: Poverty Vulnerability
Indicator
The adjustment to poverty involves eradicating specific poverty
and eliminating sudden poverty vulnerability. Silber and Wan
(2016) argued that it is necessary to adjust poverty thresholds
according to vulnerability, and the adjusted poverty line
can represent the minimum living standard in a vulnerable
environment. There are three definitions of poverty vulnerability
measures, i.e., poverty vulnerability (VEP), low expected utility
vulnerability (VEU), and risk exposure vulnerability (VER). Most
scholars adopt the VEP approach (Peng J. et al., 2019; Yang
et al., 2021). The main reason is that with α = 0, VEP can
be simplified as the probability that consumption is lower than
poverty. Therefore, the VEP measure is used in this paper to
measure the poverty vulnerability of farm households:

Vit = Pr(Yi,t+1 ≤ pl) (1)

where Vit represents the poverty vulnerability of the farm
household i in period t. It refers to the probability that the
farm household’s future net consumption (Yi,t+1) per capita is
below the poverty line (pl). In the empirical study, the specific
calculation method of V it refers to the three-stage feasible
generalized least squares (FGLS) used by Chaudhuri et al. (2002).
The regression process is mainly divided into three steps:

Step 1: the model of consumption average and consumption
fluctuation is established. The consumption average model is
estimated with the OLS method. The square of the residual
obtained after regression is used to represent the consumption
fluctuation. Then, the OLS method is used to regress the
consumption variance model to obtain the heteroscedasticity
structure:

lnYi,t = βiXi,t + µi (2)

where Yi,t denotes the consumption of the household i in period
t; Xi,t denotes the household’s observable characteristic variables,
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including individual characteristic variables such as age, gender,
and education of the household head and characteristic variables
such as the number of household laborers and health status; βi
denotes the vector of household’s characteristic coefficients; µi
denotes the disturbance term.

Step 2: by using the heteroscedasticity structure calculated
in the first step as the weight, weighted regression (WLS) was
performed on the consumption mean and consumption variance
model to obtain the required parameter estimates. The future
consumption level and its variance according to the parameter
estimates can be predicted:

∧

E
[
ln yi |Xi

]
= β̂Xi (3)

∧

V
[
ln yi |Xi

]
= σ 2

= δ̂Xi (4)

Step 3: The poverty line is selected when the logarithmic
variance of consumption and logarithmic expectation of
consumption are known, and the vulnerability of households
to poverty in the current period is calculated according to the
normal distribution function, which can be expressed as:

VEPi = Pr
{

ln(pl) |Xi
}
= 1

[
ln(pl)− Xiβ̂

(δ̂Xi)1/2

]
(5)

A household i is vulnerable to poverty if the probability that
the household will fall into poverty in the future is larger than
the poverty vulnerability threshold. The international poverty
criteria adopted by the World Bank for low- and middle-income
countries are US$1.9 and US$3.2 per capita per day. Considering
that the actual currency purchasing power varies across countries,
this paper selected US$3.2 per capita per day as the poverty
standard line according to Wang J. et al. (2021) and used the
annual purchasing power parity (PPP) index to convert the US
dollar indicator into the corresponding RMB measure.1 Poverty
vulnerability is usually set in three forms, i.e., poverty incidence
(Peng J. et al., 2019), 50% probability value (Sheng and Guo,
2018), and 29% probability value (Günther and Harttgen, 2009).
Since using 50% as the vulnerability line will cause the omission
of temporarily poor families, in recent years, some scholars began
to use the 29% as the vulnerability line, i.e., a household is
considered poor and vulnerable if its probability of falling into or
remaining poverty in the future is not less than 29%. Therefore,
the 29% probability value was selected as the poverty vulnerability
line criterion in this paper.

Core Explanatory Variables: Natural
Disaster Shocks
Three core explanatory variables were designed in this paper. (1)
Natural disaster shocks. According to the China Family Panel
Studies (CFPS) community questionnaire (“During the period
from January 1, 2010 to December 31, 2013, has your village
suffered from the following natural disasters?”) including nine

1According to data published by the World Bank, the PPP conversion factor for
household consumption in China in 2014 was 3.945, and thus the $3.2 poverty
criterion was converted to RMB 4607.76 per capita per year.

types of natural disasters in detail such as droughts, floods, and
typhoons, if the village suffers a natural disaster, the value of
these variables is taken as 1; otherwise, the value is taken as 0.
(2) Natural disaster shock intensity. According to the number
of types of natural disasters occurring in the area, the natural
disaster impact intensity variable was constructed and set as the
integer “1–9.” (3) Frequent disasters. According to questionnaire
(“Is the area a natural disaster-prone area?”), If the answer is “yes,”
the village is considered to be affected by a long-term natural
disaster and the value is 1; otherwise, the value is 0.

Threshold Variable: Livelihood Resilience
and Its Decomposition Term
Referring to the livelihood resilience measurement framework
proposed by Speranza et al. (2014), relevant literature and
data (Cao et al., 2016; Gerlitz et al., 2017; Peng L. et al.,
2019; Sina et al., 2019; Zhou et al., 2021a) were combined to
construct a three-dimensional—livelihood resilience evaluation
system of buffer capacity, self-organizing capacity, and learning
capacity. Buffer capacity refers to the farmers’ ability to use
available assets when coping with shocks. In combination with
the sustainable livelihood analysis framework, the indicators
reflecting the buffer capacity of farmers were selected, including
natural capital (Arable land area), financial capital (per capita
income), human capital (dependency ratio and amount of labor
force), material capital (housing capital, durable goods value,
and production capital), and social capital (social spending).
Self-organizing capacity reflects the impact of system, rights
and social organization structures on livelihood resilience. The
variables including traffic accessibility (Distance to the nearest
township and county), social organization participation and
economic assistance were selected. Learning capacity emphasizes
the adaptive management ability of the system, which refers to the
ability of farmers to transform knowledge into productivity. This
paper selects variables such as years of education of the head of
household, the income of immigrants, the degree of participation
in training, and the use of Internet for learning.

Proposed by Wu et al. (2019), the entropy weighting method
was used to measure the weights. As an objective assignment
method, the entropy method can reduce the interference of
artificial elements on the evaluation results and yield more
scientific evaluation results (Xu et al., 2018, 2019; Guo et al., 2019;
Zhou et al., 2021b). Specific indicators and weights are shown in
Table 1.

Control Variables
In addition to disaster shocks, the poverty vulnerability of rural
households is also affected by many other factors. In order to
ensure the scientific validity and integrity of the model, variables
such as household head characteristics, family characteristics
and external support were included based on previous research
and data availability. Household head characteristics included
age, gender (1 = male; 0 = female) and marital status
(1 = married; 0 = otherwise). Family characteristics include the
proportion of unhealthy people, social services (logarithm of
agricultural machinery rental), whether the land was transferred
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TABLE 1 | Indexes of the livelihood resilience of rural households for analysis.

Livelihood
resilience

Variables Explanation Nature of
indicator

Weights Mean SD

Buffer capacity Income per capita Ratio of annual household income
to the total number of persons

(10,000 yuan)

+ 0.0643 1.3502 1.6552

Dependency ratio Household elderly and children as a
proportion of the total number of

people (%)

− 0.0644 32.71% 27.15%

Labor Number of laborers in the farming
household (number)

+ 0.0676 2.6459 1.3104

Saving The total value of cash and
deposits (10,000 yuan)

+ 0.0555 1.6909 4.3249

Housing capital Housing value (million yuan) + 0.0612 12.3040 23.9664

Durable goods value Value of household durable goods
(10,000 yuan)

+ 0.0599 1.4401 3.2032

Production capital Value of farm machinery (10,000
yuan)

+ 0.0555 0.2326 0.6677

Natural capital Arable land area (mu) + 0.0612 9.7690 24.7202

Social capital Social spending (10,000 yuan) + 0.0618 0.2821 0.4323

Self-organizing
capacity

Township distance Distance to the nearest township
(km)

− 0.0621 10.4153 22.8291

County distance Distance to the nearest county (km) − 0.0655 52.4116 41.8754

Social organization participation Whether to participate in village
committee voting (0, did not
participate; 1, participated)

+ 0.0598 0.3652 0.4815

Financial assistance Financial assistance from relatives
and friends (10,000 yuan)

+ 0.0471 0.0841 0.5018

Learning
capacity

Education Educational years of the head of
household (years)

+ 0.0652 6.2528 4.1752

Outworking Share of income from outworking in
total household income (%)

+ 0.0649 56.93% 40.32%

Whether to participate in training Number of non-academic
education (times)

+ 0.0387 0.1191 1.1142

Use the Internet to learn Do you use the Internet to learn?
(0 = Never; 1 = every few months;
2 = once a month; 3 = 2–3 times
per month; 4 = once or twice a
week; 5 = 3–4 times a week;

6 = almost every day)

+ 0.0454 0.2666 1.0868

out (1 = land was transferred out; 0 = land was not transferred
out) and government subsidies were selected for external support
(1 = received government subsidies; 0 = did not receive
government subsidies) and social donations (1 = received social
donations; 0 = did not receive social donations). In addition,
whether the included area was a mine was used as a regional
control variable. Table 2 presents the descriptive statistics of
the main variables.

Basic Regression
The master model is specified as:

Poverty = β0 + β1X+ β2control+ ε (6)

where Y represents the poverty vulnerability; X indicates natural
disaster impact, natural disaster intensity and natural disaster
frequency; β0 is a constant; ε is the error term; β1 and β2 are
coefficients to be determined.

Threshold Effect Model
When examining the factors that cause heterogeneous effects of
explanatory variables on the explained variables, grouping tests
or interaction terms are commonly used, but it is difficult to
determine the grouping criteria for grouping tests (Xu et al.,
2021). Therefore, within the traditional linear model framework,
it is impossible to clarify the differential relationship between
natural disaster shocks and farmers’ poverty vulnerability at
different livelihood resilience levels. In order to overcome
the limitations of current research methods, Hansen (1999)
established a grouping regression model on the basis of grouping
approach in threshold regression:{

yi = θ1xi + εi, qi ≤ γ

yi = θ2xi + εi, qi > γ
(7)

where qi represents livelihood resilience and its decomposition
term, γ represents the critical point of the threshold variable.
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TABLE 2 | Descriptive statistics.

Variable Mean SD Min Max

Poverty vulnerability 0.5546 0.4970 0 1

Livelihood resilience 0.2767 0.0537 0.0998 0.5115

Buffer capacity 0.0757 0.0273 0.0001 0.1949

Self-organizing ability 0.1411 0.0307 0.0536 0.2017

Learning ability 0.0600 0.0330 0 0.1740

Natural disaster shocks 0.7674 0.4225 0 1

Frequency of natural
disasters

0.8058 0.3956 0 1

Natural disaster shock
intensity

2.0386 1.7546 0 9

Gender 0..5740 0.4945 0 1

Age 49.2121 12.893 16 88

Square term of age 2588.027 1277.16 256 7,744

Marriage 0.8906 0.3123 0 1

Proportion of unhealthy
people

0.0127 0.1119 0 1

Social donation 0.0127 0.1119 0 1

Government subsidies 0.7108 0.4534 0 1

Agricultural socialization
services

2.2545 3.1461 0 9.9988

Land transfer 0.0990 0.2986 0 1

Mining area 0.0633 0.2436 0 1

According to n critical values, the total sample can be divided
into n + 1 sample intervals, θ1 and θ2 represents the estimation
coefficients of different sample intervals, respectively.

Data Source
This study used data from the CFPS, a large-scale micro-
household survey implemented by the China Social Science
Survey Center of Peking University. CFPS is nationally
representative and aims to reflect the changes in China from
the perspective of society, economy, population, education,
and health. It tracks and collects data from individuals,
households and communities, covering household microdata
from most provinces (municipalities and autonomous
regions) across China.

EMPIRICAL RESULTS

Model Regression Results
Table 3 shows the regression results of the effects of natural
disasters on poverty vulnerability of farm households. Models
(1), (2), and (3) are the effects of natural disaster shocks,
natural disaster frequency, and natural disaster intensity on
the poverty vulnerability of farm households, respectively.
Column (1) shows that natural disaster shocks had a positive
effect on the poverty vulnerability of farm households and
were highly significant at the 5% level; Columns (2) and
(3) show that natural disaster frequency and intensity both
had a significant positive effect on the poverty vulnerability
of farm households and was highly significant at the 10%
level, respectively. Thus, Hypothesis 1 was verified. The reason

TABLE 3 | Impact of natural disasters on the vulnerability of farm households to
poverty.

(1) (2) (3)

Natural disaster shocks 0.0354**

(2.37)

Frequency of natural
disasters

0.0305*

(1.93)

Natural disaster shock
intensity

0.0066*

(1.76)

Gender 0.0442*** 0.0440*** 0.0431***

(3.51) (3.49) (3.41)

Age −0.0157*** −0.0157*** −0.0156***

(−5.40) (−5.38) (−5.35)

Square term of age 0.0003*** 0.0003*** 0.0003***

(11.03) (11.03) (11.01)

Marriage −0.0668*** −0.0669*** −0.0667***

(−3.43) (−3.43) (−3.43)

Proportion of unhealthy
people

0.0557** 0.0569** 0.0555**

(2.48) (2.53) (2.47)

Social donation 0.1181** 0.1160** 0.1167**

(2.44) (2.39) (2.41)

Government subsidies 0.1321*** 0.1320*** 0.1325***

(9.16) (9.13) (9.18)

Agricultural socialization
services

0.0025 0.0023 0.0026

(1.24) (1.16) (1.28)

Land transfer −0.1831*** −0.1837*** −0.1828***

(−9.50) (−9.53) (−9.52)

Mining area 0.0590** 0.0594** 0.0518**

(2.36) (2.37) (2.08)

Central region2 0.0146 0.0164 0.0198

(0.94) (1.06) (1.29)

Western region 0.1133*** 0.1156*** 0.1140***

(7.41) (7.60) (7.27)

Cons 0.3908*** 0.3911*** 0.3992***

(5.58) (5.57) (5.71)

N 5,366 5,366 5,366

R2 0.2244 0.2241 0.2240

*, **, and *** represent 1%, 5%, and 10% significance levels, respectively. The values
in brackets are t-values.
2Eastern Region: Beijing, Tianjin, Hebei, Liaoning, Shanghai, Jiangsu, Zhejiang,
Fujian, Shandong, Guangdong, and Hainan; Central region: Shanxi, Inner Mongolia,
Jilin, Heilongjiang, Anhui, Jiangxi, Henan, Hubei, and Hunan; Western region:
Sichuan, Guizhou, Yunnan, Tibet, Shaanxi, Gansu, Qinghai, Ningxia, Xinjiang, and
Guangxi.

is that intensive disasters (e.g., catastrophes) directly hit
farm households and lead to death and asset loss, which
in turn leads to poverty vulnerability. The risk of extensive
disasters (e.g., recurrent floods and agricultural droughts) is
responsible for asset damage and economic losses, and their
continuous cumulative indirect effects (e.g., welfare damage,
health deterioration, and income decline) contribute to chronic
and deep poverty.
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Among the control variables, age, marriage, and land transfer
had significant negative effects on poverty vulnerability, while
gender, the square term of age, social donations, government
subsidies, the proportion of unhealthy people, and being in
a mining area all have significant positive impacts on the
poverty vulnerability of farmers. It can be seen that there was
an inverted U-shaped relationship between age and poverty
vulnerability. When the household head was in their young and
middle age, the farming household had stronger workability
and learning capacity, which is more advantageous in making
a living and earning income. When the age exceeded the
threshold point, problems such as deteriorating health, work
difficulty and mobility constraints restrict the income growth
and consumption desire of the farming household. Married
households can effectively alleviate poverty vulnerability since
the income growth brought by marriage facilitates the escape
from poverty. Farmers can reasonably allocate labor resources to
achieve diversified income growth by farming and working away
from home. The increase in the proportion of unhealthy families
not only reduces the labor force, but also increases the burden on
the existing labor force, thus increasing the possibility of farmers’
poverty vulnerability. The change in livelihood strategy caused
by the land transfer effectively contributes to income growth
and poverty alleviation. Both social donation and government
subsidies have a positive effect on poverty vulnerability, because
short-term support policies can help farmers overcome their
difficulties, while they may also lead to the attitude of “waiting for,
relying on and requesting” aid. This makes it difficult for farmers
to escape from poverty in the long term, thus increasing their
poverty vulnerability. Farmers in mining areas are more likely to
fall into poverty vulnerability. The possible reason may be that
the “resource dependence trap” leads to a lack of human capital
investment and technological progress for farmers, and thus they
fall into poverty.

Endogeneity Test
Endogeneity problems may exist as survey data were susceptible
to respondent bias and recall during collection, and there may
also be omitted variables that affect livelihood resilience. In
this paper, the instrumental variable measurement by Dell et al.
(2014) was used and the disaster incidence in other regions
in the same province was selected as the instrumental variable
of the IV model to estimate the disaster impact. The natural
disaster occurrence recorded in the CFPS 2014 questionnaire
spanned from 2010 to 2013, and the probability of natural disaster
occurrence in districts and counties within the same province
was similar over a longer period, which can reflect the natural
disaster occurrence in the village. In addition, the natural disaster
occurrence in areas except for one specific village was not directly
related to the relative poverty level of local farm households.
Therefore, the condition of exogeneity is met.

From the 2SLS estimation results in Table 4, the results of
the IV under-identification test indicate that the LM statistic (p-
value) of the model significantly rejected the original hypothesis,
indicating that the model did not show under-identification
of instrumental variables. The Cragg-Donald Wald F-statistic
was significantly larger than the threshold value of StockYogo

weak instrumental variables, indicating that the model did not
have the problem of weak instrumental variables. The first-stage
regression results present a positive relationship between the
occurrence of natural disasters in the neighboring areas and
the occurrence of natural disasters in the area. The coefficient
from the second-stage regression was 0.2507 and reached
statistical significance at the 1% level, which was a significant
increase compared to the coefficient in baseline regression. This
shows that ignoring the endogeneity problem will lead to the
underestimation of the estimated coefficients.

Threshold Effect Test
According to the principle of the threshold effect model, the
F statistic and the corresponding p-values at 1%, 5%, and
10% significance levels were compared, as shown in Table 5.
Under livelihood resilience, all triple threshold estimates (0.263,
0.329, and 0.371) passed the test at the 1% significance level,
with significant differences between these three values. Similarly,
the estimates of buffer capacity all passed the test at the
1% significance level, and the three thresholds were 0.021,
0.046, and 0.095, respectively. The double threshold of self-
organizing capacity passed the test at the 1% significance level,
while the triple threshold did not. Thus, there was a double
threshold estimate of self-organizing capacity, and the actual
values corresponding to the double threshold were 0.189 and
0.190. The estimated values of learning capacity all passed
the test at a 1% significance level, and the three thresholds
were 0.031, 0.078, and 0.108, respectively (see Table 6 for
details).

From Table 7 we can see that the extent of the impact of
natural disaster shocks on farm household poverty vulnerability
varied with different livelihood resilience. When the livelihood
resilience was below the first threshold, the impact of natural
disaster shocks on the poverty vulnerability of farm households
was highly significant at the 1% level, with an estimated
coefficient of 0.1110; when the livelihood resilience was
between the first and second thresholds, the impact was

TABLE 4 | Instrumental variable estimation.

Variable (1) First stage Second stage

Natural disaster shocks 0.0354** 0.2507***

(2.37) (7.02)

Instrumental variable 0.9667***

(30.30)

IV underidentification
test:
Kleibergen.LM value
(P-value)

580.108 (0.0000)

Weak instrumental
variable test:
Cragg-Donald Wald
F-value

1051.516

N 5,366 5,366 5,366

*, **, and *** represent 1%, 5%, and 10% significance levels, respectively. The values
in brackets are t-values.
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TABLE 5 | Threshold effect test.

Number of thresholds F-value P-value 10% threshold 5% threshold 1% threshold

Livelihood resilience Single threshold 47.369*** 0.000 4.920 3.280 2.580

Double threshold 15.238*** 0.000 −9.417 −17.151 −20.373

Triple threshold 12.211*** 0.000 4.972 3.255 2.634

Buffer capacity Single threshold 106.550*** 0.000 6.630 3.943 3.024

Double threshold 40.069*** 0.000 7.817 4.086 3.245

Triple threshold 11.806*** 0.000 7.720 4.230 2.874

Self-organizing capacity Single threshold 11.468*** 0.000 5.827 3.334 2.429

Double threshold 7.575*** 0.000 6.296 3.700 2.659

Learning capacity Single threshold 3.330 0.130 6.829 5.120 4.200

Double threshold 73.021*** 0.000 7.942 4.722 2.997

Triple threshold 22.680*** 0.000 −5.131 −11.197 −14.810

*, **, and *** represent 1%, 5%, and 10% significance levels, respectively.

highly significant at the 1% level, with an estimated coefficient
of 0.0547; when the livelihood resilience was between the
second and third thresholds, the impact of natural disaster
shocks on the poverty vulnerability of farmers was not
significant; when the livelihood resilience was larger than
the third threshold, the impact was highly significant at
the 1% level, with an estimated coefficient of −0.1961, and
the sign of the impact coefficient changed from positive
to negative. In general, it shows that when the livelihood
resilience of farmers was at a low level, the natural disaster
shock positively affected the poverty vulnerability of farmers;
when the livelihood resilience of farmers exceeded 0.371, the
natural disaster shock alleviated the poverty vulnerability of
farmers instead. Based on our hypotheses, there are two main
reasons. Firstly, farmers with high livelihood resilience tend to
adopt livelihood transitions in response to reduced agricultural
production and income caused by disasters. Secondly, for
farmers with high mechanization and disaster resilience, the
imbalance between supply and demand of agricultural products
after disasters is instead beneficial to the income growth
of such farmers.

When the buffer level was below the first threshold, the
impact of natural disaster shocks on farm household poverty
vulnerability was highly significant at the 1% level, with an

TABLE 6 | Estimated threshold values.

Number of
thresholds

Threshold
estimates

95% confidence
interval

Livelihood resilience Single threshold 0.263 [0.210, 0.392]

Double threshold 0.329 [0.306, 0.345]

Triple threshold 0.371 [0.326, 0.379]

Buffer capacity Single threshold 0.021 [0.014, 0.025]

Double threshold 0.046 [0.043, 0.134]

Triple threshold 0.095 [0.093, 0.102]

Self-organizing capacity Single threshold 0.189 [0.189, 0.189]

Double threshold 0.190 [0.189, 0.192]

Learning capacity Single threshold 0.031 [0.002, 0.116]

Double threshold 0.078 [0.064, 0.085]

Triple threshold 0.108 [0.005, 0.151]

estimated coefficient of 0.4291; when the buffer capacity was
between the first and second thresholds, the impact was highly
significant at the 1% level, with an estimated coefficient of 0.1572;
when the buffer capacity was between the second threshold
and the third threshold, the impact of natural disaster shocks
on the poverty vulnerability of farmers was highly significant

TABLE 7 | Parameter estimation results of the model.

(1) (2) (3) (4)

Livelihood resilience (1) 0.1110***

Livelihood resilience ≤ 0.263 (6.63)

Livelihood resilience (2) 0.0547***

0.263 < Livelihood resilience ≤ 0.329 (3.41)

Livelihood resilience (3) −0.0272

0.329 < Livelihood resilience ≤ 0.371 (−1.10)

Livelihood resilience (4) −0.1961***

0.371 < Livelihood resilience (−4.53)

Buffer capacity (1) 0.4291***

Buffer capacity ≤ 0.021 (11.23)

Buffer capacity (2) 0.1572***

0.021 < Buffer capacity ≤ 0.046 (5.50)

Buffer capacity (3) 0.0654***

0.046 < Buffer capacity ≤ 0.095 (3.98)

Buffer capacity (4) −0.0381*

0.095 < Buffer capacity (−1.82)

Self-organizing capacity 0.0652***

Self-organizing capacity ≤ 0.189 (4.51)

Self-organizing capacity (2) −0.2412***

0.189 < Self-organizing capacity ≤ 0.190 (−3.14)

Self-organizing capacity (3) −0.0057

0.190 < Self-organizing capacity (−0.14)

Learning capacity 0.1632***

Learning capacity ≤ 0.031 (8.71)

Learning capacity (2) 0.0675***

0.031 < Learning capacity ≤ 0.078 (4.11)

Learning capacity (3) −0.0072

0.078 < Learning capacity ≤ 0.108 (−0.40)

Learning capacity (4) −0.1312***

0.108 < Learning capacity (−3.54)

*, **, and *** represent 1%, 5%, and 10% significance levels, respectively. The values
in brackets are t-values.
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at the 1% level, with an estimated coefficient of 0.0654; when
the buffer capacity was greater than the third threshold, the
impact of natural disaster shocks on the poverty vulnerability of
farmers was highly significant at the 10% level, with an estimated
coefficient of−0.0381. Overall, when the buffer capacity exceeded
the third threshold (0.095), it can effectively alleviate the positive
impact of natural disasters on farmers’ poverty. The reason is that
buffer capacity can help to withstand disaster shocks and reduce
disaster losses. In addition, farmers with higher human and social
capital can change their livelihood strategies more rapidly in the
face of disaster shocks, thus reducing disaster risks.

When the self-organizing capacity was below the first
threshold, the impact of natural disaster shocks on the poverty
vulnerability of farm households was highly significant
at the 1% level with an estimated coefficient of 0.0652;
when the self-organizing capacity was between the first
and second thresholds, the impact was highly significant
at the 1% level with an estimated coefficient of −0.2412;
when the self-organizing capacity was larger than the third
threshold, the impact was insignificant. Overall, when the
self-organizing capacity reached the threshold value (0.189),
the impact of natural disaster shocks on the farmers’ poverty
vulnerability turned from negative to positive. Stronger
self-organizing capacity of farmers represents a more stable
relationship network and higher social quality, which
enables farmers to exchange materials, capabilities and
information with various subjects of the network in the
face of disaster impacts, thus reducing the negative impact of
disaster impact.

When learning capacity was below the first threshold,
the impact of natural disaster shocks on farmers’ poverty
vulnerability was highly significant at the 1% level, with an
estimated coefficient of 0.1632; when learning capacity was
between the first and second thresholds, the impact was highly
significant at the 1% level, with an estimated coefficient of
0.0675; when the learning capacity was between the second
threshold and the third threshold, the impact of natural disaster
on farmers’ poverty vulnerability was not significant; when
the learning capacity was greater than the third threshold,
the impact of natural disaster impact on farmers’ poverty
vulnerability was highly significant at the level of 1%, and
the estimated coefficient was 0.1312. In conclusion, when
the learning capacity exceeded the threshold of 0.108, it can
effectively alleviate the negative impact of natural disasters on
farmers. A stronger learning capacity indicates the stronger
transformation ability of farmers’ livelihood. When dealing
with the disaster impact, farmers with a strong learning
capacity can immediately change their livelihood strategies
and transfer resources to production departments with higher
utilization efficiency, thus reducing the negative impact of
natural disasters.

CONCLUSION AND DISCUSSION

Based on data from China Family Panel Survey, the impact of
natural disasters on poverty vulnerability was first analyzed. It

is found that natural disaster shocks, intensity, and frequency
all exhibited significant positive effects on farm household
poverty vulnerability. Secondly, there was a threshold effect of
livelihood resilience in the impact of natural disasters on farm
households’ poverty vulnerability, and the impact turned from
positive to negative when livelihood resilience exceeded the
third threshold. Finally, as is shown in the threshold effect of
buffer capacity, self-organizing capacity, and learning capacity,
when the buffer capacity exceeded the third threshold, the
impact of natural disasters on poverty vulnerability changed
from positive to negative; when the self-organizing capacity
exceeded the first threshold, the impact of natural disasters
on poverty vulnerability changed from positive to negative;
when the learning capacity exceeded the third threshold, the
impact of natural disasters on poverty vulnerability changed from
positive to negative.

Based on the above research conclusions, implications can
be drawn as follows: firstly, to improve the rural natural
disaster prevention and control system, local governments
should prepare and implement plans to prevent, mitigate
and relieve disasters in villages. It is recommended to
combine technologies such as the 5G network and socialized
services to improve the support system of science and
technology, especially early warning capabilities. The second
is to improve farmers’ buffer capacity and the government’s
assistance system for low-income farmers and to cultivate the
livelihood capacity of such farmers in a targeted manner,
such as promoting the transformation of small-scale farmers
into family farms and assisting farmers to engage in non-
agricultural employment, so as to improve their buffer capacity.
The third is to improve the farmers’ self-organizing capacity
by giving full play to the main role of farmers, organizing
farmers according to the voluntary principles based on
organizations such as farmers’ cooperatives, village collectives,
village committees, and other organizations, and guiding
scattered farmers to the rural community. Simultaneously,
improvement of infrastructure construction is necessary to
reduce inter-regional mobility costs and transform farmers’
livelihood strategies. The fourth is to improve farmers’ learning
capacity, focus on cultivating the independent learning capacity
of farmers and promote small-scale farmers to actively learn
various knowledge of agricultural production and operational
activities out of their subjective and objective needs. These
will help to develop their cognitive structure system for the
promotion of agricultural science and technology and production
informatization. In addition, it is necessary to enhance the
ability of small-scale farmers to practice and learn and strive
to improve their ability to recognize, analyze, and solve
problems, so as to help solve various problems in agricultural
production and operation.
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