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By using micro-farm household survey data from six counties in the Hubei and Yunnan provinces, warm days, heavy precipitation, and consecutive dry days were selected as extreme weather measures, and the RClimDex software was used to empirically examine the impacts of extreme weather on farm household poverty vulnerability by setting percentile thresholds to measure extreme weather indicators in each district and county in 2017. Based on the improved Department for International Development sustainable livelihoods analysis framework, the entropy value method was used to synthesize the variables in the farm household sustainable livelihood capacity to examine their mediating effects. The results were as follows: 1) Extreme weather significantly affected farm household poverty vulnerability. Warm days were significantly and negatively related to farmers’ poverty vulnerability, while total heavy precipitation and consecutive dry days were significantly and positively related to farmers’ poverty vulnerability. 2) The impacts of extreme weather on farmers with different vulnerability characteristics varied. 3) The sustainable livelihood capacity of farm households played a partially mediating role in the process of extreme weather indicators of persistent drought index affecting the poverty vulnerability of farm households. 4) As compared to rural households engaged in non-agricultural industries, agricultural production and operation-based farming households were more vulnerable to shocks from extreme weather. Accordingly, we recommended that to improve farmers’ climate resilience, differentiated policies should be adopted according to local conditions; climate-sensitive vulnerable groups should be identified; agricultural insurance coverage should be expanded; farmers should be guided into entrepreneurship; and equalization of public services should be equalized so as to avoid farmers becoming impoverished due to extreme weather.
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1 INTRODUCTION
As globalization develops, poverty has long been not confined to a single country or region but has become a global problem. Eliminating poverty is the mission of all humanity (Ul Haq, 1995). China is the world’s largest developing country and whose poverty alleviation initiatives directly affect the governance of global poverty. By 2020, China’s battle against poverty achieved relatively good results and relieved the poverty of 98.99 million rural poor people and removed 832 poor counties and 128,000 poor villages from the poverty list, according to the current standards. China has completed the historic task of eradicating absolute poverty and successfully established a comprehensive well-off society (Huang and Zhu, 2021). However, vulnerability theory suggests that risk, vulnerability, and poverty are closely linked. The livelihoods of the average farm household are vulnerable to shocks from various risks such as climate, health, and disasters that can cause them fall below the poverty line (Azeem et al., 2016). Especially in rural areas, the frequent occurrence of sudden climatic disasters such as floods and droughts intertwined with slow-onset climate changes such as global warming, continuously intensify the harm to agricultural production. Simultaneously, extreme weather can cause severe losses to farmers’ natural, physical, human, social, and financial capital, which can leave them impoverished and at increased risk of poverty (Gentle and Maraseni, 2012).
International attention to climate changes such as extreme weather and climate warming has a long history, and scholars and policymakers were originally focused on emission reductions under different scenarios (Füssel, 2007). However, the effects of mitigation policies often take decades to test, so how to adapt to climate change is beginning to attract the attention of scholars and policymakers. The United Nations Framework Convention on Climate Change (UNFFCC), which entered into force in 1994 and was attended by 189 countries, provided the first international policy framework to guide countries in addressing climate change, followed by a wealth of research on how to improve climate change adaptation (Ford et al., 2010). The adaptations concerned abrupt climate changes, including extreme weather and climate disasters that can involve droughts, floods, heatwaves, and cold temperatures. The main characteristic of extreme weather is that it appears quickly and suddenly, and the time elapsed from the perception of the disaster to the appearance of the disaster is relatively short. During its appearance, it can destroy houses and farmland, damage public facilities, and seriously threaten the lives and property of farmers. Meanwhile, it can trigger secondary disasters such as pests and diseases as well as livestock and poultry epidemics, thus forming a chain of disaster networks that have a significant impact on agricultural production and life and be-comes an essential factor leading to poverty among farmers (Nguyen et al., 2020). Consequently, the mechanisms by which sudden climate changes, including extreme weather, affect poverty have also gradually become a focus of scholarly attention.
In academic circles, it is generally acknowledged that individual and household exposure to extreme weather hazards is a key factor in poverty. Extreme weather can exacerbate poverty directly or indirectly through threats to life and property, poverty traps, and “elite capture,” especially in less developed countries and regions (Dasgupta and Baschieri, 2010; Leichenko and Silva, 2014; Fagariba et al., 2018; Li et al., 2019; Azzarri and Signorelli, 2020). Rodriguez-Oreggia et al. (2013) argued that extreme weather, especially floods and droughts, could significantly reduce human development and increase poverty. Excessive urbanization, environmental degradation, and weak disaster response capacity could impact poor communities that were already vulnerable to extreme weather events such as floods. Walker (2014) also concluded that drought could plunge an entire country into a natural emergency with the accompanying economic downturn, which could lead to widespread poverty in rural areas. Bui et al. (2014) and Arouri et al. (2015) studied the effects of extreme weather hazards on household income, expenditures, poverty, and inequality through a survey of rural households in Vietnam. They found that all three extreme weather types, including storms, floods, and droughts, negatively impacted household income and expenditure and that climatic hazards increased rural household poverty and inequality. On this basis, Nguyen et al. (2020) collected panel data from approximately 4000 rural households in northeast Thailand and central Vietnam to examine and compare the effects of floods, droughts, and storms on the welfare of rural families in both countries. They pointed out that extreme weather shocks significantly affected household income, consumption, and poverty, in both countries, but with different severity. The aforementioned studies were empirical analyses based on field research data from regions with high climate impacts that verified the direct relationship be-tween weather extremes and poverty. However, many scholars have also explored the mechanisms of extreme weather and their impact on poverty from other theoretical perspectives.
For example, first, there is a non-benign geographic coupling effect between the distribution of poor areas and the ecologically fragile regions of China since environ-mentally weak areas are often those most severely affected by extreme weather so that extreme weather exacerbates poverty through ecological vulnerability (Tong and Long, 2003). Cao et al. (2015) constructed an economic poverty evaluation index system that considered the natural, social, and economic aspects and analyzed the degree of coupling and coordination between ecological assets and economic poverty in the concentrated contiguous hard-ship areas in Qinba, China. They found that most counties and cities in the region had significant coupling between ecological assets and economic poverty. Specifically, the lower the environmental assets, the higher the degree of monetary poverty in the region. Li and Wang (2014) analyzed the coupling characteristics of ecological environment quality and economic poverty in areas with severe environmental degradation and found that there was a high spatial autocorrelation between ecological environment quality and per capita disposable income, but the overall degree of synchronization was poor. Zhang and Feng (2020) explored the correlation, consistency, and coordination between economic poverty alleviation and ecological poverty alleviation by using the entropy value method and coupling coordination degree model in concentrated, contiguous poverty areas in Yunnan Province, China. The results showed that the coupling degree of the four regions in Yunnan Province was high, but the coupling coordination degree was low. Zhou et al. (2021) calculated the coupling degree and coupling coordination of ecosystem services and poverty livelihoods in 717 poor counties in China from 2000 to 2015. They found that ecosystem service functions showed a trend of decreasing, and then in-creasing, while the poverty levels showed an increasing trend, and the degree of conflict in the coupling relationship between ecosystem services and poverty livelihoods was high.
Second, from a sustainable livelihoods perspective, farm households are highly dependent on natural resources for their livelihood activities. Natural disasters such as extreme weather can cause significant losses to farmers’ livelihood assets, adverse im-pacts on sustainable income, and even substantial lifestyle changes, leading to poverty among farmers (Motsholapheko et al., 2015). Carter et al. (2007) analyzed the long-term effects of extreme weather on asset stocks and economic growth using the least squares (OLS) method. They showed that extreme weather was likely to deprive the poor of capital, creating a poverty trap from which they would struggle to escape. Nevertheless, some scholars have argued that the impact of natural disasters such as extreme weather on poverty have not always been negative and that poor people in developing countries were more vulnerable to extreme weather (Loayza et al., 2012). Mottaleb et al. (2013) suggested that during natural disasters such as extreme weather, farming households may increase their food expenditures and reduce their education expenditures, thus adversely affecting long-term human capital development. Van den Berg and Burger (2017) studied the impact of hurricanes on household livelihood strategies in rural areas and found that the direct or indirect effects of hurricanes resulted in more than 60% of the rural population choosing low welfare strategies that made them more vulnerable to poverty. Yiridomoh et al. (2021) studied the impact of extreme weather on rural livelihood sustainability using communities along the Black Volta River in Siva State as the unit of analysis and found that short-term, unstable extreme weather such as drought and high temperatures affected the livelihoods of farm households, thereby increasing poverty.
Finally, from a vulnerability perspective, social vulnerability has been closely related to poverty. Poverty increases vulnerability by influencing resource availability, the perceptions of the impact of natural hazards such as extreme weather, and the ability to invest in risk reduction, becoming an essential component of social vulnerability. In general, poorer communities suffer more difficulty in post-disaster recovery (Schmidtlein et al., 2011). A study by Jiang et al. (2012) found that higher agricultural dependence was more likely to trigger poverty, and natural disasters such as extreme weather significantly impacted poverty incidence. Zhang (2011) found that natural hazards such as extreme weather and poverty have overlap and consistency in poor minority communities. There were sequential and cyclical relationships among extreme weather, vulnerability, viability, and poverty. Zhou et al. (2015) constructed the first disaster risk index for China and assessed the relative risk levels at a provincial scale in China, suggesting that reducing vulnerability and population exposure to natural hazards would be an effective measure to mitigate disaster risk in Chinese hotspots. Ding et al. (2014) argued that the education level of household members and household labor capacity would play an essential role in reducing vulnerability. Increasing school attendance and educational background could reduce the vulnerability of farm households.
While all of the above studies have acknowledged poverty as part of social vulnerability, quite a few scholars have considered vulnerability as an essential aspect of poverty and thus proposed the concept of poverty vulnerability (Feng et al., 2017). The World Bank defines poverty vulnerability as the likelihood of falling into poverty in the future. Declining crop harvests, rising food prices, and significant household labor decreases can increase poverty vulnerability. Therefore, poverty should no longer be interpreted limited to fundamental social welfare indicators based on low income but should also include vulnerability to poverty caused by external shocks (W Bank, 2001). Bohua et al. (2013) argued that the main factors affecting the poverty vulnerability in farm households were relatively low economic status, inadequate social security, and poor natural environmental resources. After analyzing the impact of natural disasters such as extreme weather on the vulnerability of farm households to poverty, Thouret et al. (2013) found that maintaining water and soil, increasing the area of greenery, and increasing the proportion of low-income households could effectively counteract the risk of drought and alleviate poverty. Liu et al. (2022) measured the level of poverty vulnerability in farm households and explored the degree of differentiation, taking the Qinba mountainous region as an example. The farmers’ exposure risk and resilience were geographically differentiated, and the farmers in the central mountainous areas were at higher risk and more vulnerable to poverty from natural disasters such as extreme weather. Maganga et al. (2021) used panel data from 2010, 2013, and 2016 Living Standards Measurement Surveys in Malawi to examine the extent to which climate change affected the vulnerability of farm households to poverty and the relationship between post-poverty and poverty transition and climate change. From the existing studies, scholars have increasingly focused on the impact of extreme weather and climate changes on the poverty vulnerability of farm households and have focused their research on developing countries that have been most affected. However, their data collection on extreme weather and climate changes have been sourced from local weather stations and farmer perception surveys and have not been considered at the county level (Jalal et al., 2021; Samuels et al., 2022). Li et al. (2022) studied the impact of climate change on individual poverty vulnerability in rural China based on county-level climate data and micro-survey data (CHIPS) and found that extreme temperatures reduced poverty vulnerability. However, they only explored the effect of extreme temperatures on poverty vulnerability and did not consider the relevant role of other extreme weather such as extreme precipitation. The World Meteorological Organization (WMO) and the World Climate Research Program (WCRP), have jointly established the Expert Group on Climate Change Detection and Indices (ETCCDI), which has defined 27 representative climate indices for global and regional studies on extreme climate change (Rodriguez-Sola et al., 2022). Therefore, the inclusion of other extreme weather-related indicators in the discussion could have profound implications for the comprehensive evaluation of extreme weather on the poverty vulnerability of farm households.
The impact of extreme weather on poverty vulnerability is often more pronounced in developing countries or regions, one of which is China (Schmidtlein et al., 2011). China is one of the most at-risk countries for natural disasters. China’s meteorological disasters and derived disaster losses have accounted for more than 70% of natural disaster losses, and the average annual direct economic losses account for ap-proximately 75% of natural disaster financial losses, resulting in approximately 80% of the deaths caused by natural disasters (Zhang and Wang, 2022). According to the China Meteorological Ad-ministration disaster database, in 2018, China’s meteorological disasters caused 20.81 million hectares of crop damage, 635 deaths and disappearances, and direct economic losses of CYN 264.5 billion. In 2021, Henan, Sichuan, Shanxi, Hebei, Hubei, and Shaanxi suffered severe torrential rainfall and flooding in the second half of the year, causing a total of 59.01 million people affected, 590 deaths and disappearances due to the disaster, 152,000 collapsed houses, and direct economic losses of CYN 245.89 billion. China ranks fourth and second in the world for average annual deaths and economic losses caused by extreme weather, respectively, with an average of more than 1200 deaths per year from extreme weather events (Li and Mao, 2019). Based on the extreme weather statistics in recent years, extreme weather has become a critical risk factor impacting the vulnerability of Chinese farmers, seriously affecting their livelihoods, their safety, and their land. Therefore, studying the impact of extreme weather on farmers’ poverty vulnerability in China is of great practical importance for other developing countries to avoid poverty among ordinary farmers and prevent farmers who have left poverty from becoming impoverished again.
In summary, farmers remain at risk of becoming or returning to poverty when faced with risks such as extreme weather. Therefore, exploring the mechanisms of extreme weather on the vulnerability of farm households to poverty and providing policy recommendations are of great importance to consolidate and expand poverty alleviation in China and achieve the goal of rural revitalization. In the meantime, the inclusion of other extreme weather-related indicators in the discussion could have profound implications for the comprehensive evaluation of extreme weather on the poverty vulnerability of farm households. In this paper, the three most representative of the 27 extreme climate indicators, including warm days (TX90p), the sum of heavy precipitation (R95p), and the consecutive dry days (CDD), were selected and calculated with RClimDex software, which was developed by Zhang and Yang (Canadian Meteorological Research Centre) based on the R language environment, to explore the impact of extreme weather on the poverty vulnerability of rural off-poverty farmers in China (Zhang and Yang, 2004). These findings are of great importance to consolidate and expand poverty alleviation in China and achieve the goal of rural revitalization. In the meantime, this study also provides valuable references for other developing countries to avoid poverty among ordinary farmers and prevent farmers who have left poverty from becoming impoverished again.
2 DATA AND METHOD
2.1 Study areas
More than 70% of meteorological disasters in China have occurred in the central and western poverty areas (Liu, 2019). At the beginning of 2017, there were 25 poor counties in Hubei Province in central China, with 5,721,856 people in poverty and a poverty incidence rate of 14.21%. There were 72 extreme high-temperature events, 22 extreme low-temperature events and 7 extreme precipitation events throughout the year, slightly higher than in previous years. The frequent occurrences of various climatic disasters have posed a severe threat to the safety of people and property. The vulnerability of farmers to climatic disasters has further exacerbated the problem of rural poverty. At the beginning of 2017, there were 33 poor counties in Yunnan Province, with a poor population of 4,630,210 people and a poverty incidence rate of 11.34%. The frequent occurrence of extreme weather events poses a severe threat to the property and security of the poor in these two provinces, further increasing poverty vulnerability. There were 95 extreme high temperature events, 11 extreme low temperature events and 23 extreme precipitation events throughout the year, slightly lower than previous years. Therefore, two poverty counties in Hubei Province and four poverty counties in Yunnan Province in southwestern China were selected as the subjects of this paper (as shown in Figures 1, 2). The geographical locations and climatic characteristics of the six counties were as follows:
[image: Figure 1]FIGURE 1 | Study areas—Qichun County and Shashi District in Hubei Province.
[image: Figure 2]FIGURE 2 | Study areas—Lancang County, Menglian County, Menghai Country and Jinghong City in Yunnan Province.
Qichun County, Huanggang City, Hubei Province (115°12′–115°56′E, 29°59′–30°40′N), is located in southeastern Hubei Province, north of the middle reaches of the Yangtze River, with an area of approximately 2398 square kilometers and a resident population of 792,101. Qichun County belongs to the subtropical continental monsoon climate, with four distinct seasons, abundant rainfall, a mild climate, an average annual frost-free period of 249.1 days, precipitation of 1341.7 mm, and 2025.8 sunshine hours with an average temperature of 16.8°C.
Shashi District, Jingzhou City, Hubei Province (112°13′–112°31′E, 30°12′–30°25′N) is located in the south of Hubei Province, on the north bank of the Jing River section of the Yangtze River, with an area of approximately 522.75 square kilometers and a resident population of 504,893 people. Shashi District belongs to the subtropical humid monsoon climate zone, with four distinct seasons, excellent heat, and abundant rainfall. The average annual temperature is 16.1°C, the annual frost-free period is 230–270 days long, the annual rainfall is generally between 958 and 1325mm, and the average relative humidity is 80%.
Lancang County, Pu’er City, Yunnan Province (99°29′–100°35′E, 22°01′–23°16′N) is located in the southwest of Yunnan Province, named after the Lancang River in the East, with an area of approximately 8807 square kilometers, the second-largest county in Yunnan Province, and a resident population of approximately 441,455. Located south of the Tropic of Cancer, Lancang County has a southern subtropical mountainous monsoon climate with wet summers and dry winters, abundant rainfall, and sufficient sunshine. Due to the complex topography and altitude difference, the three-dimensional climate is apparent, with high temperature, sufficient heat, an annual average temperature of 19.2°C, annual rainfall of 1624.0 mm, and annual sun-shine of 2098.0 h.
Menglian County, Pu’er City, Yunnan Province (99°9′–99°46′E, 22°15′–22°32′N), located in the southwest of Yunnan Province, is an essential gateway to Myanmar, Thailand, and other Southeast Asian countries. As of the end of 2018, Menglian County has an area of approximately 1893.42 square kilometers and a resident population of 144,693 people. Menglian County has a southern subtropical climate. The climate in the territory has abrupt changes, with no severe cold in winter, no summer heat, and four seasons similar to spring conditions. The average annual temperature is 19.6°C, the average annual rainfall is 1373mm, the annual rainy days are approximately 170, and the average annual sunshine is 2048.6 h. The wind speed is generally 3, with a maximum of 6–7.
Jinghong City, Xishuangbanna, Yunnan Province (100°25′–101°31′E, 21°27′–22°36′N) is located in the south of Yunnan Province, with a land area of approximately 6867 square kilometers and a resident population of 416,054. Jinghong City has a year-round high temperature and low rainfall, which means drought is heavy. The main meteorological disasters are high temperature and drought, wind and hail disasters, and torrential flooding, including winter and spring drought, which is unusually heavy.
Menghai County, Xishuangbanna, Yunnan Province (99°56′–100°41′E, 21°28′–22°28′N), located in the southwest of Yunnan Province, has a land area of 5368.09 square kilometers and a resident population of 353,720. Menghai County belongs to the tropical and subtropical southwest monsoon climate, with no severe cold in winter and summer heat, slight annual temperature differences, and significant daily temperature differences. The average annual temperature is 18.7°C, the average annual sunshine is 2088 h, the average annual rainfall is 1341mm, and the annual frost period is ap-proximately 32 days. There are many fog patches, and the average annual fog is 107.5–160.2 days.
2.2 Data resources
The data used in this study were derived from the survey data of farmers’ livelihoods collected by the research team in Hubei and Yunnan provinces in 2017. To ensure the comprehensiveness and reliability of the survey data, the sample areas were selected from two provinces located in relatively rich and relatively poor areas, the questionnaire method was adopted, and a combination of stratified random sampling and targeted sampling was used to conduct the questionnaire survey among households. The specific operation was to first classify the townships in the county into high, medium and low categories according to the depth of poverty; then determine the number of sample farmers from each type of township according to the proportion of the number of farm households in each type of township to the total number of farm households in the county; finally, go to each township to draw samples from the relevant farm households according to the random principle. Eventually, 541, 326, 77, 111, 22 and 37 farming households were sampled in each of the six districts and counties (Qichun County, Shashi District, Lancang County, Menglian County, Jinghong City, Menghai County), and the final number of valid sample farmers was 1,214. The survey included demographic information, natural and physical capital, social and financial capital, agricultural and non-agricultural situations and income, consumption expenditure, agricultural policies, land and homestead status of farm households, etc. After data processing using STATA software and removing the outliers and missing values of vital variable indicators, 1,114 valid respondents were obtained.
The uneven distribution of weather stations in China is manifested by a higher density of weather stations in eastern China and fewer stations in the west, making it difficult to obtain accurate county-level extreme weather data. Therefore, this paper used global climate data from the National Oceanic and Atmospheric Administration (NOAA) Climate Prediction Center (CPC) to precisely match the geographical locations of six counties in Hubei and Yunnan at a latitude and longitude of 0.1 × 0.1, solving the problem of inaccurate climate data from local weather stations. We collected more than 10 types of day-by-day climate data such as temperature, precipitation, sunshine, and wind speed, from 1980 to 2017 in 6 counties, keeping 6 indicators: year, month, day, daily maximum temperature, daily minimum temperature, and daily precipitation.
2.3 Variable design and model construction
2.3.1 Variable design
2.3.1.1 Dependent variables
The dependent variables in this study was poverty vulnerability. Poverty vulnerability refers to the likelihood that a household or individual will fall into poverty or persistent poverty in the future. Among the past definitions and measures of poverty vulnerability, there are three main representative ones, which are “vulnerability as expected poverty (VEP)", “vulnerability as low expected utility (VEU)", and “vulnerability as uninsured exposure to risk (VER)". Of these, the VEP is prospective and more applicable to cross-sectional data as it better reflects the dynamic characteristics of poverty than the others (Wang et al., 2020). Therefore, in this paper, the measure of poverty vulnerability of farm households in the data was selected under the definition of VEP, as proposed by Chaudhuri et al. (2002).
The theory of poverty vulnerability measurement under the VEP definition assumes that the magnitude of household poverty vulnerability is associated with the characteristics of the distribution of the household’s future welfare level, and thus the likelihood of a household or individual falling into poverty or persistent poverty in the next period is calculated through the current period household or individual characteristics variables (Xiao et al., 2020). The basic equation is shown below.
[image: image]
where the left-hand side of the equation represents the poverty vulnerability of household h in period t, and the right-hand side of the equation represents the probability that the per capita income level of farm household h in period t+1 is less than the poverty line.
Since the future per capita income level of a household usually depends on multiple factors, including both observable individual characteristics such as age, gender, marital status, and household characteristics such as household size, natural capital, physical capital, and social capital, and unobservable variables such as the general environment in which the household is located, the following function can be constructed to measure the future per capita income level of a household:
[image: image]
where [image: image] denotes the level of household per capita income in period t+1, [image: image] denotes a set of individual or household characteristic variables that affect the household’s future per capita income, and [image: image] is an unobservable disturbance term.
Combining Eq. 2–1 yields:
[image: image]
Assuming that the future per capita income of households follows a normal distribution, this paper drew on the three-step feasible generalized least squared (FGLS) method, as proposed by Amemiya (1977), to achieve a measure of vulnerability to poverty.
First, an OLS regression was performed on the logarithm of the household per capita income level [image: image], based on individual or household characteristic variables [image: image] and residual terms [image: image], and the estimated equation is as follows:
[image: image]
Second, since the fluctuating term of income also depended on a series of individual or household characteristic variables, the equation can be constructed as follows:
[image: image]
Applying the error term obtained from OLS estimation of Eq. 4, 5 yields:
[image: image]
Furthermore, we obtained the expectation and variance of logarithm of per capita income of farmer households by dividing both sides of Eq. 5 by [image: image] and performing OLS estimation to obtain the progressive effective estimate [image: image] of [image: image], based on which we obtained [image: image], and applied it to Eq. 4 to estimate the progressive effective estimate [image: image] of [image: image], resulting in the following:
[image: image]
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Finally, based on the above estimates, the poverty vulnerability of household h in period t was calculated as:
[image: image]
where [image: image] is the natural logarithm of the selected poverty line.
This study used the national poverty line standard household per capita income of RMB 2300/year determined in 2011 in China, the comparable 2017 price of RMB 3449/year extrapolated at constant RMB 2300/year, and the World Bank extreme poverty line standard of USD 1.9/person/day to measure the poverty vulnerability of farm households. In addition, to facilitate the interpretation and analysis of the variables, all poverty vulnerabilities obtained in this paper were multiplied by 100, and the units were uniformly converted to percentages.
2.3.1.2 Independent variables
The various indices (27 in total) of the extreme climate indicator system provided by ETCCDMI have been widely adopted by many scholars in geography, meteorology and agriculture in recent years (Rodriguez-Sola et al., 2022). Eleven of these indicators are related to precipitation, and sixteen are related to temperature. All extreme weather indicators reflect temperature and precipitation extreme events in terms of intensity, frequency, and duration of climate change. Since Hubei and Yunnan provinces are located in central and southwestern China, respectively, the average daily minimum temperature throughout the year rarely falls below 0°C; we did not consider the indicator used to measure shallow temperatures as our dependent variable. Finally, we selected three indicators, warm days (TX90p), the sum of heavy precipitation (R95p), and the consecutive dry days (CDD), as independent variables in this paper, used to study the effects of high temperature, flooding, and drought on poverty vulnerability, respectively. The RClimDex software was then used to calculate the three extreme climate indicators for each county in 2017. The specific process was as follows: for TX90p and R95p, the percentile threshold method was used, using the climate data of each county from 1980 to 2016 as a reference base, ranking the same indicators within this period from smallest to largest, and defining the values higher than the corresponding indicators located at 90% or 95% of the reference year as extreme climate events; for CDD, the maximum number of consecutive days with daily precipitation less than 1 mm was counted. Specific indicators are defined, as shown in Table 1.
TABLE 1 | Evaluation system for constructing extreme weather indicators.
[image: Table 1]2.3.1.3 Mediating variables
The study used the sustainable livelihood capacity of farm households as a mediating variable to test the mechanisms underlying the effect of extreme weather on the vulnerability of farm households to poverty. In the construction of indicators, based on the improved DFID (Department for International Development) sustainable livelihoods analysis framework, 12 indicators in seven dimensions, namely human capital, financial capital, physical capital, natural capital, social capital, information capital, and environmental capital, were selected based on the approach of Liu et al. (2021), and the sustainable livelihood capacity of farm households was comprehensively measured. The measurements were obtained via the entropy method, and the upper and lower 1% of the measured comprehensive values were scaled down using the winsorization. The intermediate variable indicators were used to construct the evaluation system, as shown in Table 2.
TABLE 2 | Evaluation system for constructing indicators of sustainable livelihood capacity of farm households.
[image: Table 2]2.3.1.4 Control variables
Based on the previous literature, this study applied individual characteristics (gender of household head, health level, marriage status, non-farm working time) and household characteristics (information accessibility, land transfer, number of farm machinery and equipment, and annual household medical expenses) as control variables; the specific definitions and related descriptions of the variables are shown in Table 3.
TABLE 3 | Names and definitions of relevant variables.
[image: Table 3]2.3.2 Model construction
In this study, the baseline regression model, quantile regression model and mediating effect model are constructed respectively, and the impact of extreme weather on farmers’ poverty vulnerability and the intrinsic mechanism of action are tested empirically by using STATA software, the models are constructed as follows.
2.3.2.1 Baseline regression model construction
To explore whether there was a significant effect from extreme weather on farmers’ poverty vulnerability, this study used OLS regression for empirical testing, and the model was determined, as follows:
[image: image]
where [image: image] denotes the household poverty vulnerability of farmers h under the poverty line criteria of RMB 2300/year, RMB 3449/year, and USD 1.9/person/day, [image: image] is the core explanatory variable extreme weather (warm days, heavy precipitation, and consecutive dry days), [image: image] is a series of control variables, and [image: image] and [image: image] are the intercept and random disturbance terms, respectively.
2.3.2.2 Quantile regression model construction
As traditional OLS regression is essentially a mean regression analysis, the process of performing regression analysis only examined the effect of the explanatory variable x on the conditional expectation E(Y|X) of the explanatory variable y, rather than the overall conditional distribution of Y|X. Moreover, as compared to OLS regressions in which the minimized objective function is the sum of squared residuals ([image: image]), which is highly susceptible to extreme values, thus reducing the robustness of the regression results, the quantile regression proposed by Koenker and Bassett (1978) not only captured all the information concerning the effect of x on the overall conditional distribution Y|X, but also ensured the robustness of the regression results by using the weighted average of the absolute values of the residuals ([image: image]) as the minimization objective function, avoiding biasing of the results due to the influence of extreme values in the regression analysis (Chen, 2010). Therefore, considering that farmers with different poverty vulnerability levels may have different sensitivities to each influencing factor, the study further used quantile regression based on the above OLS regression to explore the differences in the effects of extreme weather on farmers with different vulnerability characteristics. In the model setting, we referred to the model setting conducted by Yang et al. (2020). The model setting was as follows:
[image: image]
where [image: image] is the result variable, referring to the household poverty vulnerability of farmers at quartile t; [image: image] denotes the correlation coefficient at quartile t for parameter estimation of the core explanatory variables (warm days, heavy precipitation, and consecutive dry days), [image: image] is a random disturbance term, and the remaining explanations were consistent with the above.
2.3.2.3 Model construction of mediating effect
This paper adopted a stepwise testing method, as proposed by Wen and Ye (2014), to test the mediating effect of farmers’ sustainable livelihood capacity and to identify the mechanism underpinning the effect of extreme weather on farmers’ poverty vulnerability. The model was constructed as follows:
[image: image]
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where [image: image] denotes the sustainable livelihood capacity of rural household [image: image], [image: image] is the total effect of extreme weather on the vulnerability of farm households, [image: image] denotes the effect of extreme weather on the sustainable livelihood capacity of farm households, [image: image] is the direct effect of extreme weather on the poverty vulnerability of farm households, with [image: image] being the indirect effect of extreme weather on the poverty vulnerability of farm households through the sustainable livelihood capacity of farm households, and the remaining explanations were consistent with the above.
In addition, in the intermediary effect test process, firstly, it was necessary to determine whether the coefficient [image: image] was significant; in the case of [image: image] significant, secondly, it is necessary to verify whether [image: image] and [image: image] were significant, and if both were significant, then there was an indirect effect, after which it would be necessary to observe whether [image: image] was significant, and if it was significant, then it indicated that there was a direct effect at the same time. If only one was significant, it would be necessary to use the bootstrap method for re-verification; finally, on the basis of determining the existence of an indirect effect, it would be necessary to observe whether the directions of [image: image] and [image: image] were consistent, and if they were consistent, it indicated the existence of mediating effect, and the opposite indicated the existence of masking effect.
3 RESULTS
3.1 Variable descriptive statistics
From the descriptive statistics results of each variable in Table 4, as the poverty vulnerability calculation had been uniformly performed by multiplying by 100, the poverty incidence corresponding to a poverty line standard of RMB 2300/year per household income was 0.18%, the poverty vulnerability corresponding to a poverty line standard of RMB 3449/year per household income was 0.74%, and the poverty line standard of USD 1.9/person/day corresponded to a poverty incidence of 1.01% for the sample farm households, which showed that the overall poverty vulnerability of the sample farm households was low. Among the extreme weather indicators, the mean value of the percentage of days with a maximum temperature > the 90% quantile was 0.12%, the mean value of total annual precipitation > the 95% quantile was 664.58 mm, and the mean number of the longest consecutive days with daily precipitation < l mm was 40.52, on average. The mean value of the control variable sustainable livelihood capacity of farm households was 0.0009. Among the personal characteristics of household heads, the health level of household heads was generally average or relatively good, and 92.73% of the respondents were male, 89.32% of the respondents were married, and the average time spent in non-agricultural production and business activities was 3.64 in months. Among the farm household characteristics, the Internet access rate was 35.73%, the percentage of land transfer households was 13.11%, the average number of farm machinery and equipment was 1.02 pcs, and the average annual household medical expense was RMB 6988.58.
TABLE 4 | Descriptive statistics of variables of related.
[image: Table 4]3.2 Analysis of baseline regression results
Before analyzing whether there was a significant effect of extreme weather on farmers’ poverty vulnerability, it was necessary to first test the variables for multicollinearity, considering that there could be cointegration problems among the variables that could bias the estimation results. Based on the test results, the maximum value of the variance inflation factor (VIF) and the mean value of VIF were both 1.01, which was less than 10; therefore, there was no multicollinearity between variables.
Based on the multicollinearity test, this study empirically analyzed the impact of extreme weather on farmers’ poverty vulnerability through OLS regression. The regression results are shown in Table 5. Mod5-1, mod5-2, and mod5-3 represented the results of the impact of extreme weather on the poverty vulnerability of farm households under the poverty line criteria of RMB 2300, RMB 3449, and USD 1.9/day, respectively.
TABLE 5 | Baseline regression results of the impact of extreme weather on poverty vulnerability of farm households.
[image: Table 5]The regression results showed that the effects of extreme weather indicators (warm days, heavy precipitation, and consecutive dry days) on the poverty vulnerability of farm households under different poverty-line criteria passed the test at 1% significance, and the effects of extreme weather on the poverty vulnerability of farm households increased as the poverty line criteria increased, indicating that there were significant effects from maximum temperature days, total heavy precipitation, and sustained drought days on farmers’ poverty vulnerability, i.e., extreme weather significantly affected farmers’ poverty vulnerability. Among them, the coefficients of warm days on farmers’ poverty vulnerability were negative while the coefficients of total heavy precipitation and consecutive dry days on farmers’ poverty vulnerability were positive, which indicated that the increase in high temperature days significantly reduced farmers’ poverty vulnerability, while the increase in total precipitation and consecutive dry days significantly increased farmers’ poverty vulnerability. In addition, the extreme weather indicator of maximum temperature days had a stronger effect on farm household poverty vulnerability than total precipitation and continuous dry days.
In the regression results of the control variables on the poverty vulnerability of farm households, the sex of the household head, the land transfer status of the farm household, and medical expenses all had highly significant positive relationships on the poverty vulnerability of farm households while the health level of the household head, marital status, off-farm working hours, household information accessibility, and the number of farm machinery and equipment significantly and negatively affected the poverty vulnerability of farm households. This indicated that men were more likely to fall into poverty than women; transferring land to enterprises or large grain farmers resulted in the farmers being much more likely to fall into poverty in the future than working on their own land; increasing medical expenses led to a decrease in household disposable income, which changed the household’s livelihood decisions and lifestyle, resulting in farmers being more likely to fall into poverty; better health, longer non-farm work time, and being married significantly reduced the probability of poverty in the future; the more comprehensive information regarding the external environment suggested that the richer the household’s physical capital, the more resistant the household would be to potential future risks, thus reducing the vulnerability of the household to poverty.
3.3 Analysis of quantile regression results
Table 6 shows the results of the impact of extreme weather on farmers with different degrees of poverty vulnerability under the poverty line of RMB 2300/year per capita household income, and the significance level and direction of each variable were consistent with the results of the full-sample regression (Table 5: mod5-1), which initially verified the robustness of the baseline regression results. Among them, mod6-1, mod6-2, mod6-3, mod6-4, and mod6-5 indicated the effects of extreme weather on the poverty vulnerability of farm households at the 0.1 (low vulnerability), 0.25 (low–medium vulnerability), 0.5 (medium vulnerability), 0.75 (medium–high vulnerability), and 0.90 (high vulnerability) quartiles, respectively. After testing the coefficients at each quantile, we found that [image: image], indicating that the correlation coefficients of the explanatory variables in the quantile regressions could be considered not exactly equal at the 1% level of significance, that is, there were differences in the effects of extreme weather on farmers with different levels of vulnerability.
TABLE 6 | Impact of extreme weather on farm households with different levels of poverty vulnerability (poor = RMB 2300/year).
[image: Table 6]A closer look at the correlation coefficients of the variables at each quantile revealed that, among the effects of warm days on the poverty vulnerability of farm households, the increase in the number of hot days had a stronger impact on households with less than a medium vulnerability, as compared to households with a medium–high vulnerability and high vulnerability, and more significantly reduced the probability of farm households entering poverty. As for the results of the effects of total heavy precipitation and consecutive dry days on the poverty vulnerability of farm households, the coefficients of the effects of total extreme heavy precipitation and persistent drought days increased with the increase in the quantile, indicating that households with high vulnerability were more likely to enter poverty when facing the shock of increased heavy precipitation and persistent drought days, as compared to households with low vulnerability.
Among the control variables, the effects of the sex of the household head, health level, and marital status on the poverty vulnerability of farm households all strengthened as the quantile rose. The effects of off-farm employment time, household information accessibility, and land transfer were stronger for households below-medium vulnerability, that is, the probability of entering poverty for households below-medium vulnerability decreased significantly as the off-farm employment time of farmers increased and the Internet access rate rose, while rural households whose land had been transferred to enterprises or large grain growers were more likely to fall into poverty. In addition, the increase in the number of farm machinery and equipment was more likely to reduce households at below-medium and high vulnerability while the impact on households with high vulnerability was relatively weaker.
Table 7 shows the regression results for different levels of vulnerability of farm households due to extreme weather under the poverty line criterion of RMB 3449. Among them, mod7-1, mod7-2, mod7-3, mod7-4, and mod7-5 indicated the impact of extreme weather on the poverty vulnerability of farm households at the 0.1 (low vulnerability), 0.25 (medium–low vulnerability), 0.5 (medium vulnerability), 0.75 (medium–high vulnerability), and 0.90 (high vulnerability) quartiles, respectively.
TABLE 7 | Impact of extreme weather on farm households with different levels of poverty vulnerability (poor = RMB 3449/year).
[image: Table 7]In terms of significance level and direction, the quantile regression results were generally consistent with the full sample regression results (Table 5, mod 5–2). In terms of the regression results of the control variables, the trend of their impact coefficients at different quartiles was consistent with Table 6. The variation from the previous results was attributed to land transfer having a relatively greater impact on households with high vulnerability, that is, land transfer was less conducive to changing their poverty status for households with high vulnerability.
In the regression results of the core explanatory variables, the coefficient of the impact of high-heat weather on the poverty vulnerability of farm households tended to increase and then decrease as the quantile rose, and the impact of high-heat weather on medium-vulnerable households was significantly higher than that of low-vulnerable households and high-vulnerable households, which could have been due to low-vulnerable households having sufficient resource endowment and stronger risk resilience while the livelihoods of high-vulnerable households were not only affected by weather, but also by their own insufficient livelihood capital and poor sustainable livelihood capacity; therefore, to a certain extent, the impact of high-heat weather on the poverty vulnerability of farm households was limited, and eventually the effect was more obvious in medium-vulnerability households. In addition to the effects of high-temperature weather, the effects of total intense precipitation and consecutive drought days on the poverty vulnerability of farm households also differed, with the increase in intense precipitation making high-vulnerability households more vulnerable to poverty, as compared to low-vulnerability households, while the increase in the number of persistent drought days had a stronger effect on medium-vulnerability farm households. This may have been due to the low dependence of agricultural production of low-vulnerability households while high-vulnerability households themselves had less livelihood capital and a scarcity of natural capital such as arable and forest lands, thus reducing the channels through which extreme weather affects the poverty vulnerability of farm households and making the impact relatively low in intensity.
Table 8 shows the impact of extreme weather on farm households with different vulnerability characteristics for a poverty line criterion of USD 1.9/day. Mod8-1, mod8-2, mod8-3, mod8-4, and mod8-5 indicated the impact of extreme weather on the poverty vulnerability of farm households at the 0.1 (low vulnerability), 0.25 (medium–low vulnerability), 0.5 (medium vulnerability), 0.75 (medium–high vulnerability), and 0.90 (high vulnerability) quartiles, respectively.
TABLE 8 | Impact of extreme weather on farm households with different levels of poverty vulnerability (poor = USD 1.9/day).
[image: Table 8]Observing the impact coefficients corresponding to each quantile variable showed that the quantile regression results were consistent with the full sample regression results in terms of the direction and magnitude of significance (Table 5, mod5-3) while the trend of increase and decrease in each quantile was consistent with Table 7, but the strength of the impact increased significantly, which could be due to the threshold of crossing out of poverty becoming more and more stringent as the poverty line continued to increase, thus making the sample poverty incidence increase significantly and further driving the impact of the variables on the vulnerability of farm households to poverty. The regression results equally verify that extreme weather has a significant impact on farm households poverty vulnerability and that the impact differs significantly for farmers with different vulnerability characteristics.
3.4 Analysis of intermediate effect results
The previous empirical results showed that there was a significant effect of extreme weather on the vulnerability of farm households, and there were differences in the impact on farmers with different vulnerability characteristics. Via what mechanism or channel has extreme weather affected farm household vulnerability? To further explore the in-depth logic of the impact of extreme weather on farm household poverty vulnerability, this study selected the sustainable livelihood capacity of farm households as the mediating variable and examined its effect.
Table 9 shows the results of testing the mediating effects of farmers’ sustainable livelihood capacity according to different poverty line criteria. Among the extreme weather indicators, the persistent drought days had a significant partial mediating effect on the livelihood sustainability of farm households according to the poverty line household income per capita criteria of CNY 3449 and USD 1.9 per person per day. Among them, the direct effect of continued drought days on farm household poverty vulnerability under the domestic poverty line criterion of per capita household income of RMB 3449 was 0.0053, the indirect effect through farm household sustainable livelihood capacity was 0.0001, and the total effect was 0.0054. Under the international poverty line criterion of USD 1.9 per person per day, the direct effect of the persistent drought days on the poverty vulnerability of farm households was 0.0073, and the indirect effect on the poverty vulnerability of farm households through their sustainable livelihood capacity was 0.0002, for a total effect of 0.0074. This suggested that under the poverty line household income per capita criteria of RMB 3449 and USD 1.90 per person per day, each 1% increase of the persistent drought days indirectly increased the poverty vulnerability of farm households by 0.0001 and 0.0002 percentage points, respectively, by reducing their sustainable livelihood capacity.
TABLE 9 | Test results of mediating effects of sustainable livelihood capacity of farm households under different poverty line criteria.
[image: Table 9]Heavy precipitation under the three poverty lines, as the coefficients [image: image] and [image: image] corresponding to the model, were in opposite directions, and both were masking effects although there were indirect effects through the sustainable livelihood capacity of farmers. The coefficients [image: image] corresponding to the model for warm days under all three poverty lines were not significant, and needed to be revalidated using the bootstrap method, according to the test proposed by Wen and Ye (2014). The results showed that the 95% confidence interval of the indirect effect contained zero under all three poverty lines, both before and after bias correction, indicating that there was no mediating effect of farmers’ sustainable livelihood capacity in the process of extreme weather affecting poverty vulnerability.
3.5 Heterogeneity analysis
Generally, non-farm employment tended to reduce the probability of a household falling into poverty in the future by effectively removing the income uncertainty caused by the variability of the natural environment and the volatility of market prices, reducing the increase in poverty vulnerability due to the risk of agricultural losses, as compared to being engaged in agricultural production (Imai et al., 2015; Sun and Duan, 2019). Therefore, considering that there were differences in the resilience of farm households under different types of employment, this study set a binary dummy variable (1 = working in non-agricultural works related to industry or service industry, 0 = working in agricultural production) with the division of farm households’ work industry to explore the impact of extreme weather on the poverty vulnerability of farm households under different employment types to investigate the mechanism of the effect.
The regression results are shown in Table 10, where mod10-1, mod10-2, and mod10-3 reflected the effects of extreme weather on the poverty vulnerability of farm households working in agricultural production, and mod10-4, mod10-5, and mod10-6 reflected the effects of extreme weather on the poverty vulnerability of farm households working in non-agricultural industries. There was a significant difference in the impact of extreme weather on the poverty vulnerability of farm households in different sectors, and rural households working in agricultural production were more vulnerable to the impact from extreme weather than those working in industry and services, that is, this category of farm households were more likely to fall into poverty under extreme weather shocks (e.g., extreme heavy precipitation, consecutive drought days). This could have been due to the higher sensitivity and vulnerability of the agricultural sector due to extreme climate change, where extreme weather shocks tended to affect the livelihood capital of farm households through agricultural economic output, weakening their sustainable livelihoods and thus significantly increasing their probability of falling into poverty.
TABLE 10 | Sub-sample regression results of the impact of extreme weather on poverty vulnerability of farm households (agricultural work vs non-farm employment work).
[image: Table 10]3.6 Robustness tests
To ensure the robustness of the model regression results, this study performed a series of robustness tests on the aforementioned model. In previous works, common tests have included replacing the explained or explanatory variables, changing the data source, changing the estimation method or model, adding omitted variables, and tailoring the data. In this study, we re-estimated the poverty vulnerability of farm households by replacing the poverty line and choosing the international general poverty line standard of USD 3.1/person/day (vul4), and used the winsorization method to shrink the estimated vulnerability values by the upper and lower 1%, multiplied the processed values by 100 to transform them into percentage units, and used the constrained logit regression model to regress the effects of extreme weather. In addition, to further ensure the robustness of the regression results, this study applied a stepwise regression for empirical testing. The specific test results are shown in Table 11.
TABLE 11 | Constrained logit regression estimation results (poor = USD 3.1/day/person).
[image: Table 11]Among them, mod11-1, mod11-2, and mod11-3 were the regression results of the effects of extreme weather indicators (i.e., warm days, total heavy precipitation, and consecutive dry days) on farmers’ poverty vulnerability, respectively. Mod11-4 was the regression result of the effects of extreme weather indicators all placed in the same analysis framework on farmers’ poverty vulnerability. It can be found that warm days were significantly negatively correlated with poverty vulnerability at the 1% level while total heavy precipitation and persistent drought days were significantly positively correlated with poverty vulnerability at the 1% level, and their effects on poverty vulnerability increased with an increase in extreme weather indicators, indicating that the conclusion that extreme weather had significant effects on poverty vulnerability of farmers was robust and reliable.
4 DISCUSSION
Based on the results of the aforementioned empirical tests, extreme weather had a significant impact on the poverty vulnerability of farm households, and those influences varied according to vulnerability characteristics of the farmers. Among them, extreme heat weather represented by warm days significantly and negatively affected farmers’ poverty vulnerability while extreme rainfall weather and drought represented by heavy precipitation totals and consecutive dry days significantly and positively affected farmers’ poverty vulnerability. The mediating variable of farm household’s sustainable livelihood capacity contributed a partial mediating effect in the process of extreme weather indicators of persistent drought days affecting rural household’s poverty vulnerability, according to the criteria of a household income per capita of RMB 3449 and USD 1.9 per person per day; each 1% increase in consecutive drought days indirectly increased the poverty vulnerability of farm households by reducing their sustainable livelihood capacity by 0.0001 and 0.0002 percentage points; there was a masking effect in the process of total heavy precipitation affecting the poverty vulnerability of farm households; there was only a direct effect in the process of warm days affecting the poverty vulnerability of farm households, and the indirect effect was not significant. In addition, farmers who were mainly engaged in agricultural production were more vulnerable to shocks from extreme weather than those who were engaged in non-agricultural industries.
The reason for this is that the high suddenness and rapid spread of extreme weather may make the transition time from the initial climate perception to the experience of climate disasters short, resulting in farmers suffering from both the ecological environment and physiological damage. On the one hand, the occurrence of climate extremes causes damage to the physical capital, natural capital, and environmental capital of farmers and threatens their living environment; on the other hand, the impact of extreme weather threatens the health of farmers’ family members and leads to the damage of human capital. On the other hand, the health of farm household members is threatened by the extreme weather, which leads to damage to human capital. The increase in medical expenses and the reconstruction of facilities after the disaster increase the impact on the financial capital of farm households. Under the double attack of the internal and external environment, the sustainable livelihood capacity of farming households is severely affected, which increases the possibility of farming households entering into poverty in the future and leads to the increase of farming households’ poverty vulnerability. For households with different vulnerability characteristics, households with high poverty vulnerability characteristics, when exposed to shocks from extreme weather, will further lengthen their transition time from disaster experience to climate adaptation, which leads to differences in the impact of extreme weather on households with different vulnerability characteristics under the interaction of different levels of sustainable livelihood capital of households.
As compared to previous studies, there were some similarities and differences in the findings of this paper. In the study by Maganga et al. (2021) on the expected poverty vulnerability of farm households as a result of climate changes, the results indicated that there was a strong correlation between farm household vulnerability and short-term climate stress, with drought, floods, and irregular rainfall all significantly increasing the likelihood of farm households falling into poverty or persistent poverty in the future and that drought had the greatest impact on farmers’ welfare losses, followed by floods. This was consistent with the results of the baseline regression test and the robustness test in this paper. Of the positive indicators of the impact of extreme weather exacerbating farmers’ poverty vulnerability, persistent drought days had the largest impact on farmers’ poverty vulnerability (Table 5, correlation coefficients of 0.0069, 0.0308, and 0.0422), followed by the impact of intense precipitation (Table 5, 0.0006, 0.0025, and 0.0034). This significant relationship had also been verified by Ahmed et al. (2009), Herrera et al. (2018), among others.
However, concerning extreme heat events (warm days) affecting farmers’ poverty vulnerability, previous studies have differed from the results of this paper. When exploring the impacts of climate changes on farmers’ poverty vulnerability, Li et al. (2022) suggested that extreme heat weather was significantly and positively related to farmers’ poverty vulnerability, that is, high temperature weather increased farmers’ poverty vulnerability and increased farmer vulnerability to poverty. Ahmed et al. (2009) found via empirical testing that global warming led to an increase in poverty vulnerability in several countries. In addition, domestic scholars such as Zhang (2014) and Cao and Chen (2016) also found the same results. The reason could be attributed to the threshold corresponding to 90% of the maximum temperature of the sample data being lower than the official daily maximum temperature, and the appropriate summer temperature was beneficial to the growth and development of crops (Arouri et al., 2015), which could reduce the poverty vulnerability of farmers to some extent.
The findings of this study provided effective policy recommendations and reference policies for reducing the poverty vulnerability of farm households and improving their sustainable livelihoods at home and abroad, enhancing the climate resilience of the world’s agricultural population, and simultaneously promoting the quality of poverty eradication in China and preventing the occurrence of return to poverty on a large scale. At the same time, there were limitations in this study that can be studied and improved upon in the future: 1) The mechanisms of extreme weather on poverty vulnerability of farm households were often varied and complex, and factors such as household consumption expenditure (Herrera et al., 2018), agricultural economic output (Liu et al., 2012), and farm household health level may also have played important roles, which should be considered in future research. 2) Due to the limitation of the data, this study only observed the relationship between poverty vulnerability and extreme weather in the Hubei and Yunnan provinces, but based on previous studies in related fields, the impact of extreme weather on poverty vulnerability of farmers in different regions could also be significantly different. 3) This study empirically examined the impact of extreme weather on the poverty vulnerability of farmers, but based on real-world situations, urban residents and various other groups (e.g., borrowing participant groups, etc.) could be affected by extreme weather and thus fall into poverty.
5 CONCLUSIONS AND IMPLICATIONS
Using micro-farm household survey data from the Hubei and Yunnan provinces, this research empirically explored the impact of extreme weather on the poverty vulnerability of farm households by selecting warm days, heavy precipitation, and consecutive dry days as extreme weather measures. The following were the results: 1) There was a significant effect of extreme weather on the poverty vulnerability of farm households. Among them, warm days were significantly negatively correlated with farmers’ poverty vulnerability, while total heavy precipitation and persistent drought days were significantly positively correlated with farmers’ poverty vulnerability. 2) The impact of extreme weather on farmers with different vulnerability characteristics were varied. 3) The sustainable livelihood capacity of farm households played a partially mediating effect in the process of extreme weather index consecutive dry days affecting the poverty vulnerability of farm households. Under the criteria of poverty line per capita household income of RMB 3449 and USD 1.9 per person per day, each 1% increase in the persistent drought days indirectly increased the poverty vulnerability of farm households by 0.0001 and 0.0002 percentage points, respectively, through reducing their sustainable livelihood capacity; there was a masking effect in the process of the heavy precipitation total affecting farm households’ poverty vulnerability. In the process of warm days affecting farm households’ poverty vulnerability, the indirect effect was not significant. 4) As compared to rural households engaged in non-agricultural industries, those engaged in agricultural production and operation were more vulnerable to shocks from extreme weather. The results of this paper clearly indicate the significant relationship between extreme weather and poverty vulnerability of farmers and the mechanisms involved, and point the way for future research, i.e., we still need to continue to think about how to establish extreme weather risk prediction mechanisms, how to improve farmers’ adaptive capacity to extreme weather, and how to help farmers build sustainable livelihoods that can cope with extreme weather to ensure they will not return to poverty due to extreme weather. At the same time, this study provides recommendations for governments around the world to deal with extreme weather and prevent poverty return on a large scale, as follows: first, adopting differentiated policies could improve the climate resilience of farmers according to local conditions. Second, identify climate-sensitive vulnerable groups and refine policy implementation. Third, establish a risk warning mechanism to guide farmers in starting their own businesses or transitioning to non-farm employment. Fourth, expand the coverage of agricultural insurance to ensure farmers have relatively stable income when recovering from the effects of extreme weather. Fifth, promote the development of equalizing public services and improving the quality of the public service supply. Sixth, focus on ecological environmental protection, encourage the return of farmland to forests, strengthen the development of ecological compensation for resources, and encourage and focus on the development of ecological and green agriculture.
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Dependent variables

Independent
variables

Mediating variables

Control variables

Variable name

Poverty Vulnerability

Extreme weather

Sustainable livelihood capacity of farm
households

Gender of household head
Health level

Marriage status

Non-farm working time

Information accessibility
Land transfer
Number of agricultural machinery and

equipment

Annual household medical expenses

vull

vul2

vul3

warm
precipitation
dry

sla

gender
healthy
marriage
unagri

information
transfer
machinery_n

med_c

Definitions

Poverty vulnerability under the national poverty line standard (household income per capita
of 2300 RMB/year) determined in 2011 (%)

Poverty vulnerability under the 2017 comparable RMB 3449/year poverty line standard
extrapolated at constant RMB 2300/year (%)

Poverty vulnerability under the World Bank extreme poverty line criterion of USD 1.9/
person/day (%)

Warm days, number of days with daily maximum temperatures greater than the 90%
quantile (%)

Heavy precipitation, total annual precipitation with daily precipitation greater than the 95th
percentile (mm)

Consecutive dry days, maximum number of consecutive days with daily precipitation less
than 1 mm (days)

Comprehensive measure using entropy method

Gender of household head, 1 = male, 0 = female

1-5: very poor-very good

1 = married; 0 = unmarried

Time engaged in non-farm production and business activities in 2016 (months)

Whatare the channels through which you learn about agricultural support policies? 1 = three
channels and above, 0 = less than three channels

During the past 5 years, did you transfer land to enterprises or large grain farmers? 1 = Yes,
0=No

Total number of farm machinery and farm equipment owned by houscholds

Total household expenditure on medical expenses and hospitalization expenses in 2016
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1114
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Mean
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0.1168
6645788
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0.0009
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35799
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0.3573
0.1311
1.0242
6988.5862

03119
0.9893
1.2666
0.0127
169.5821
162258
0.0007
0.2598
1.0780
0.3090
4.8132
0.4794
0.3376
1.3906
1.88+04

Min

0.0000
0.0000
0.0000
0.0739
503.2000
21,0000
0.0001
0.0000
1.0000
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000

Median

0.0555
03719
05582
0.1205
682.0000
35.0000
0.0006
1.0000
4.0000
1.0000
0.0000
0.0000
0.0000
1.0000
1200.0000

Max

27578
7.0102
85162
0.1260
1088.4000
57.0000
0.0034
1.0000
5.0000
1.0000
12,0000
1.0000
1.0000
12,0000
2.00e+05
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Indicator name Identification Definitions Unit

Warm days TX90p Number of days with daily maximum temperatures greater than the 90% quantile d
Heavy precipitation R9Sp Total annual precipitation with daily precipitation greater than the 95th percentile mm
Consecutive dry days cpD Maximum number of consecutive days with daily precipitation less than 1 mm d
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Indicator name
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Human capital

Financial capital

Physical capital

Natural capital
Social capital

Information capital

Environmental capital

Age of household head

Average education level of the household

Amount the household can borrow
Number of real estate properties

Housing area

Arable land area

Number of families visiting each other in the New Year

Number of relatives and friends who can provide
assistance

Number of household electrical and technological
products

Number of channels to learn about agricultural support
policies

Whether there is pollution in the surrounding water
sources

Presence or absence of pollutants near farmland

Continuous variable, unit: years

Continuous variable, sum of years of education of household members/household size,

unit: years
Continuous variable, unit: rmb
Continuous variable, unit: set
Continuous variable, unit: square meter
Continuous variable, unit: acres
Continuous variable, unit: household

Continuous variable, unit: home
Continuous variable, unit: pes

Dummy variable, 1 = three and above, 0 = less than three
Dummy variables, 0-3: not present - abundantly present

Dummy variable, 1 = yes; 0 = no
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