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China is a country that experiences severe natural hazards. In comparison to urban residents, farmers in rural areas of China are more susceptible to these natural hazards, whose impact is multidimensional; however, existing research has mainly focused on the household level. Based on China Household Finance Survey (CHFS) data in 2019, a total of 17,900 farmer households have been chosen to discuss the influences of natural hazards on the rural income and subjective well-being from the individual perspective and the family perspective; further, regional differences within the sphere of influence have been analyzed. Empirical results demonstrate that (1) the farmer household income is a factor that affects subjective well-being, but does not play a decisive role. (2) From the perspective of spatial differences and laws, subjective well-being and the income of farmers vary significantly. The subjective well-being in North China (NC) is the highest, while the subjective well-being in the Central South (CS) is the lowest. The distribution trend of rural income is high in Southeast China (SE) and low in Northwest China (NW). (3) Natural hazards can lower the subjective well-being [Mean ATT (average treatment effect) = –0.1040] and income (Mean ATT = –0.1715) of farmers significantly. Moreover, the influences of natural hazards on subjective well-being are lower than that on income. Therefore, it is imperative to ascertain the impact of natural hazards on farmers’ subjective well-being and household income. Further, the government should consider regional differences and the different affected groups, and also strengthen the farmers’ ability to cope with hazards and their post-hazard recovery ability during the implementation of hazard rescue.
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INTRODUCTION

Natural hazards and disasters have significant influences on human society, leading to casualties, economic losses, and environmental damages (Chen et al., 2020). With increases in the frequency and severity of global natural hazards, they have become one of the most concerning global problems. According to Mori et al. (2021), the annual global deaths caused by natural hazards are about 60,000, which accounts for 0.1% of the total global annual deaths. This leads to annual economic losses of about 8.66–43.3 billion dollars.

Owing to global climatic changes and its unique geographical environment, China is influenced by significant natural hazards. Recently, frequent natural hazards have influenced production, life, and social development to a large extent. China’s Ministry of Emergency Management has found that natural hazards have claimed 107 million victims, 162,000 house collapses, 11,739,000 ha of affected crop area, and 334.02 billion yuan of direct economic losses in 2021. It is important to note that, in comparison to urban areas, rural areas are faced with greater threats of natural hazards due to the poor living and geographic conditions, along with the weak ability of residents to defend themselves against hazards.

Natural hazards refer to abnormal phenomena that occur in nature. In this study, natural hazards include various meteorological hazards and geological hazards, such as earthquakes, floods, landslides, debris flow, and typhoons. Existing studies on natural hazards mainly focus on a single type of hazard (Kind et al., 2017). The research content mainly includes causes and spatial-temporal evolutions of natural hazards, risk assessment and avoidance, influences, and response analysis (Lohmann et al., 2019; Palanca-Tan, 2020). Researchers have carried out relatively in-depth and systematic studies on the influences of natural hazards, primarily from multiple aspects like the economy, agriculture, industry, and income gap. However, there are few empirical studies on the influences of natural hazards on individuals and households of farmers in China. In particular, studies on subjective well-being are still very few (Wang et al., 2000). The income of rural residents is an important and intuitive index to measure the influences of hazards from the economic perspective. Nevertheless, subjective well-being can reflect the influences of natural hazards on individuals more comprehensively (Berlemann and Eurich, 2021). This is because subjective well-being is a subjective evaluation of the life satisfaction of individuals affected by hazards (Diener et al., 2013), and is affected by a variety of factors (Helliwell, 2003). Therefore, it is also necessary to discuss the subjective well-being of farmers, in addition to the relationship between rural household income and natural hazards.

In summary, it is imperative to understand the influences of natural hazards in China, which witnesses the frequent occurrence of natural hazards. For this reason, this study focuses on the national macroscopic scale. Based on the China Household Finance Survey (CHFS) data of 17,900 farmer households in 29 provinces in China, regional differences in the subjective well-being and income of Chinese farmers were analyzed. Next, the influences of natural hazards on the subjective well-being and income of peasants were quantified by propensity score matching (PSM) based on the idea of quasi-natural experimentation. This study not only empirically analyzes natural hazards in rural areas, but also provides a valuable reference for the implementation of hazard rescue and decision-making on post-hazard development.



LITERATURE REVIEW AND HYPOTHESES


Income and Natural Hazards

Income has always been an important economic concern, and is studied as an important multidisciplinary individual/family characteristic. Through a literature review, it is found that studies on income mainly focus on income inequality (the income gap) (Butler et al., 2020), income distribution (Kind et al., 2017), and factors influencing income (Kan et al., 2006; Westmore, 2018). Specifically, the major factors influencing income include human capital, social capital, resource endowment, policy institutions, and natural hazards (Ward and Shively, 2015; Kumar, 2019). Additionally, rural residents’ income is often associated with the urban–rural gap, livelihood capital, livelihood risk, and poverty (Wu et al., 2015; Liu et al., 2020).

At present, academia has focused its efforts on the relationships between hazards and the affected subject: human society. Some studies on natural hazards and income issues have originated in the west, and after Kunreuther (1997) proposed the concept of “hazard economics”, related studies have received extensive research attention. Existing studies mainly analyze the influences of hazards on economics from the macroscopic economy scale and microscopic individual scale. In terms of the economy, scholars focus on the influences of natural hazards and their influences on national economic growth. For example, based on the hurricane damage index built using panel data in the United States, Strobl (2011) found that hurricanes decreased the annual economic growth rate of a county by 0.45%, on average. Nevertheless, state-scale calculations have demonstrated that hurricanes may not affect national economic growth. However, Murlidharan and Shah (2022) pointed out that hazards have significantly negative influences on national economic growth in the short-term, but such influences weaken gradually with the passage of time. In terms of individuals, researchers mainly focus on the economic impact of natural hazards on people (including individuals and families) on the micro-level. Palanca-Tan (2020) carried out a case study in a fishing village in the Philippines, determining that extreme climate first affected the fishing industry, influencing the household income of fishermen and finally intensifying the vulnerability of families. Coffman and Noy (2012) pointed out, through an empirical study of the DID model, that natural hazards have significant long-term influences on income, and the practical per capita income differs by about 112–267 dollars from those in neighboring counties. Some researchers believe that natural hazards lower the income in the short-term, but not the long-term. It is worth noting that Belasen and Polachek (2008) investigated employment and income variations between hurricane-affected counties and unaffected counties. They found that the income of directly affected counties increased by 4.35%, while that of neighboring counties decreased by 4.5%, on average.

In addition to the abovementioned hazards, studies on the relationship between natural hazards and income have been carried out for common hazard types, such as earthquakes (Wei et al., 2017), landslides (Mertens et al., 2016), floods (Mottaleb et al., 2013), and droughts (Arouri et al., 2015). Generally speaking, the influences of natural hazards on the income of rural residents are generally consistent. That is, in the short-term, natural hazards decrease the income significantly, but the influence weakens as time goes on. Further, the income level might exceed the level before the hazard after a period of time. However, the exposure degree to natural hazards leads to differences in the natural environment of affected regions. Further, different hazard prevention abilities of individuals lead to varying influences of these hazards on individuals and families (Clark et al., 1998). Based on the above theoretical analysis, a hypothesis is proposed:


H1: Natural hazards have significantly negative influences on farmer household income.





Subjective Well-Being and Natural Hazards

With continued social development, subjective well-being is attracting the attention of more and more scholars and policymakers. It has become a multidisciplinary research topic, involving the economy, psychology, and sociology. Nevertheless, the concept of subjective well-being is quite controversial, with no consensus being reached yet. Most people believe that subjective well-being is a positive and intrinsic psychological state with strong subjective emotions (Tsou and Liu, 2001). Diener et al. (1999) believed that subjective well-being is an extensive category, including the general judgment of people’s emotional responses and life satisfaction. Some studies often use the terms subjective well-being and life satisfaction interchangeably, although some believe that they are not completely consistent (Berlemann, 2016). For the purposes of this study, the two terms are synonyms, referring to a residents’ cognition and evaluation regarding their actual quality of life based on subjective emotion.

Studies on subjective well-being focus on the influencing factors. Existing studies have proven that factors influencing subjective well-being mainly comprise personal characteristics, including age, gender, educational background, health conditions, marriage status, and income (Clark, 2018; Frey and Stutzer, 2002); family characteristics, such as fixed assets, housing conditions, and family expenditure (Zhang et al., 2018; Lohmann et al., 2019); social development, including the unemployment rate, social fairness, and income inequality (Oishi et al., 2011; Dell’Anno and Amendola, 2015); the natural environment, including climatic changes and environmental pollution (Cuñado and de Gracia, 2013; Zhang et al., 2017); and policy institutions, such as policy beliefs, public services, political freedoms, and democratic rights (Frey and Stutzer, 2002; Helliwell, 2006). In addition to the abovementioned factors, social relations, material welfare, neighborhood location, etc., also affect subjective well-being (Rafael et al., 2003; Stevenson and Wolfers, 2008). With continued research in this field, the scale has shifted from microscopic individuals to macroscopic regions, especially focusing on the spatial differences and causes of residents’ happiness in different regions and geographical backgrounds. Based on Gallup data in the United States, Rentfrow et al. (2009) carried out a correlation analysis on the relationships between the economy, education, and careers with subjective well-being at the state-scale. Based on 28 provinces (cities and municipalities) in China, Zhang et al. (2018) found that housing conditions have positive influences on the general satisfaction of residents. Eren and Aşıcı (2017) concluded—from urban-level analysis—that there are significant differences in subjective well-being in different cities.

It is important to note that, due to the comprehensive and systematic effects of hazards, some scholars have introduced the concept of subjective well-being into their studies. The influences of natural hazards on human society can be divided into two types: direct and indirect (Berlemann, 2016). Direct influences refer to damage to houses, raw materials, and resources caused by natural hazards. Indirect influences refer to secondary influences after damage to physical infrastructure (Cavallo and Noy, 2011). However, the effects of natural hazards on happiness are mainly indirect. Based on questionnaire data on influences of the Nepal earthquake in 2015, Sapkota (2018) found that subjective well-being has a significantly negative correlation with the degree of experienced damage. However, a cross-sectional survey in Germany in 2012 found that flood experiences may not influence subjective well-being (Osberghaus and Kühling, 2016). Based on survey data on survivals from the Philippines typhoon, Hamama-Raz et al. (2017) found that individual resources could facilitate a feeling of subjective well-being after natural hazards. Additionally, researchers have investigated some natural hazards, such as hurricanes (Berlemann, 2016), droughts (Carroll et al., 2009), forest fires (Ambrey et al., 2017), etc., mainly focusing on America, Japan, Germany, and some countries in South and Southeast Asia (Goebel et al., 2013; Lohmann et al., 2019). Few studies have been conducted in China (Wang et al., 2000). To the best of our knowledge, this study is the first demonstration of the subjective well-being of Chinese farmers under the influences of various natural hazards.


H2: Natural hazards can lower the subjective well-being of farmers.






DATA AND METHODS


Data Source

All data in this study was obtained from the CHFS, issued by the Research Center of Southwestern University of Finance and Economics1. This data includes the general demographic features, financial status, assets, income, consumption, employment, insurance, and other family information. In 2019, CHFS data samples covered 29 provinces (except Xinjiang, Tibet, Hong Kong, Macao, and Taiwan). It collected the information of 107,008 family members from 34,643 households. Herein, based on the research objective, the CHFS data were processed as follows: firstly, heads of household samples in the individual variable databases were screened out and correspond to the family variable database one by one (both individual variable database and family variable database contain ID numbers, so samples are matched by ID numbers here). Secondly, eliminate all non-rural households in the sample of head of household screened out in the previous step; Then, to make the empirical results more accurate, all rural samples with missing dependent variables and explanatory variables were deleted. Thirdly, missing samples, in terms of the dependent variables and explanatory variables, were deleted. Finally, the study obtained a valid sample of 17,900 households nationwide, including those affected and unaffected by natural hazards.



Variable Definition and Descriptive Statistics


Dependent Variables

In this study, the dependent variables include subjective well-being and income. The subjective well-being index is assessed based on the responses of heads of households to the question: “generally speaking, do you feel happy now?” Subjective well-being used the five-point Likert scale, where values of 1–5 reflect very unhappy to very happy states. The levels account for 1.23, 4.21, 26.70, 41.52, and 26.34% of the population, respectively. The mean subjective well-being of respondents was 3.875, which was between Moderate and Subjective well-being. Household income refers to the total household income of respondents in the last year, comprising income from wages, income from agricultural production and management, income from industrial business, income from properties, and transfer income. The annual average income of all respondent households was 52,170.57 yuan.



Explanatory Variables

According to the abovementioned theoretical analysis and research hypothesis, the core explanatory variable is whether respondents and their families have been affected by natural hazards from 2014 to 2019. In the questionnaire, interviewers determined whether respondents and their families have been affected by natural hazards through the following question: “Did your family have been affected by natural hazards since 2014?” If respondents answered “Yes,” the value was recorded as 1; otherwise, it was recorded as 0.



Control Variables

Existing empirical studies have demonstrated that subjective well-being and the income of farmers are influenced by multiple factors (Frey and Stutzer, 2002). Since these factors are of the individual level and household level, respectively, the control variables in this study are mainly personal features and family features of the heads of households, including the education level, health condition, age, communication tools, household size, working conditions, fixed assets, fund demand, and food expenses. Specific variable selection and descriptive statistics are listed in Table 1.


TABLE 1. Descriptive statistics of the variables used in this study.
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Comparative Analysis of the Characteristics of Farmers and Their Families in Samples

The t-test results of dependent variables and control variables before matching are listed in Table 2. When other economic conditions of respondents are not controlled, the subjective well-being gap between farmers affected by natural hazards and the rest of the farmers was –0.133, and the mean farmer household income difference was –0.291, both of which pass the significance test at a 1% level. This reveals that the subjective well-being and income of farmers affected by natural hazards were lower than those of other farmers. Additionally, the statistical results also demonstrated that individuals with a lower education degree, poorer physical health, and worse communication tools were affected more by natural hazards. Farmer households with more family members, fewer fixed assets, and those that require capital support for production and management are more easily affected by natural hazards. Through a comparison of mean values, we found that there are significant differences in individual and family features between farmers affected by natural hazards and those unaffected. However, the goal of our study is to understand the specific influences of natural hazards on the subjective well-being and income of farmers. As a result, it is necessary to further prove the aforementioned influences by using the precise metering method.


TABLE 2. Differences between farmers who have been affected by natural hazards and those unaffected.
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Methods

To prove whether there are significant relationships between natural hazards and subjective well-being and income, differences in the subjective well-being and income caused by other factors need to be eliminated first. PSM is a method that can overcome the selection bias problem and make the treatment effect evaluation more effective. This is a concept from quasi-natural experimentation, and is a nonlinear estimation method proposed by Rosenbaum and Rubin (1982), mainly used for post-event balance treatment of covariate elements in the experimental group and for balance treatment of covariate elements, similar to randomization. The specific step involves conducting propensity value matching by using the “propensity score, PS” as the distance function and eliminating the influences of variable “confusion” through phenomenon causality, which is gained by controlling the PS. Hence, the causal efficiency of the explanatory variables on the outcome variables can be ensured.

In the present study, farmers affected by natural hazards were determined as the treatment group (HAZ = 1), and farmers unaffected by natural hazards were used as the control group (HAZ = 0). By matching members with similar individual features between the treatment group and the control group, the differences in the subjective well-being and household income between the two groups were further analyzed. A total of nine factors of individual features and family features of the heads of households were chosen as the control variables. Nearest neighbor matching (k = 4), kernel matching, radius matching (r = 0.01), and local linear regression matching were used. The matching was completed by using the “psmatch2” command in STATA/MP 16. The specific algorithm used is as follows:

(1) The conditional probability fitting values of the influences of natural hazards on farmers were calculated using the Logit model, also known as the PS. The probability model was:

[image: image]

where, D is the treatment variable. When D = 1, farmers have been affected by natural hazards; if D = 0, farmers have not been affected by natural hazards. Xi represents the observable individual and family features (control variables) of farmer households.

(2) The treatment group and the control group were matched according to their PSs. Since different matching methods applied different matching values and weights, the matching results could differ. Therefore, four matching methods, including nearest neighbor matching (k = 4), radius matching (r = 0.01), kernel matching, and local linear regression matching were applied. In this section, nearest neighbor matching (k = 4) was chosen. The calculation method can be formalized as

[image: image]

where, Pi and Pj are PS values of the ith “treatment group” and jth “control group,” respectively. C(P) refers to the neighborhood relationship between i and j.

(3) The influences of natural hazards on the subjective well-being and income of farmers were calculated. This is the mean treatment effect (average treatment effect, ATT):

[image: image]

where, Y is the outcome variable, indicating subjective well-being and income in this study. Other variables and parameters, such as i and j, have the same meanings as above.




RESULTS


Regional Differences in the Subjective Well-Being and Income of Farmers

Regional differences in the subjective well-being and household income of farmers are quite prominent. To ascertain more spatial distribution characteristics of subjective well-being and income, we will analyze the distribution pattern of the subjective well-being and income in six administrative regions based on the mean value (Figure 1). The mean subjective well-being of farmers is shown in Figure 1A, at is 3.875, which lies between Moderate and Subjective well-being. The subjective well-being in NE, NC, and EC is higher than the national mean level. Specifically, the subjective well-being score of NC is the highest, reaching 3.97. Furthermore, there are three regions below the national level, among which CS (SWB = 3.81) is the lowest and SW (SWB = 3.86) is relatively the highest.


[image: image]

FIGURE 1. Regional differences in farmers’ subjective well-being and income: (A) Subjective well-being; (B) Income (yuan).


This distribution can be attributed to three factors, including economic factors, environmental factors and political factors. The economy of NC is relatively developed, and the income of rural residents is high and from a wide range of sources. More importantly, this region is close to the political center of China (Beijing), and its social recognition is high. Therefore, subjective well-being is higher than other regions. However, the CS is an area with rapid economic development and large-scale factories, so as to attract a large number of migrant workers came to the region. And result in a high population density in the region, which in turn leads to negative impacts such as deterioration of the living environment and traffic congestion (Luo et al., 2016). In addition, the income and quality of life of local farmers did not improve, so their subjective well-being has decreased.

The regional distribution of farmer household income is shown in Figure 1B. Among the six administrative regions, EC has the highest average household income—at 74556.73 yuan—and it is the only region where farmer household income is higher than the national average (INC = 52,170.57 yuan). Generally speaking, farmer household income is consistent with the regional economic development level, i.e., EC is the most developed region in China. EC has not only good natural conditions and infrastructure, but also has a higher average wave level than other regions. Hence, farmer household income in EC is far higher than that in other regions and the national average. Additionally, the farmer household income levels significantly differ among NE, NC, NW, and SW, at 41647.77 yuan, 42111.01 yuan, 40277.17 yuan, and 40572.95 yuan, respectively.



Effects of Natural Hazards on the Subjective Well-Being and Income of Farmers


Estimation of Propensity Score

To match the treatment group and the control group, the probability of farmers being influenced by natural hazards was estimated by using the Logit model, which was taken as the PS value. The estimation results of PS are shown in Table 3. It can be seen from the regression results of the Logit model that the education background (EDU = –0.082), physical condition (HEA = –0.225), age (AGE = –0.059), working conditions (WOR = –0.468), fixed assets (ASS = –0.375), and capital demands (DEM = –0.252) can affect the influence of natural hazards on farmers and their families significantly. In other words, these factors all can lower the probability of farmers being affected by natural hazards. In contrast, communication tools (COM = 0.133), family size (HOU = 0.097), and food expenses (EXP = 0.147) could increase the probability of farmers and their families being affected by natural hazards. Generally speaking, older farmers, with a lower education background and poorer physical condition, are more easily affected by these hazards. This is primarily because this group of individuals has little knowledge regarding hazard prevention and alleviation. Thus, they cannot avoid hazards well and their post-hazard recovery is relatively weak. Additionally, families that have more family members, lower fixed assets, and poor working conditions are more easily affected by natural hazards.


TABLE 3. Estimation results of the Logit models.
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Matching Effect Analysis

The effectiveness of the PSM method depends on two prerequisites. One is the balance test and the other is the common support test. Since test results of different matching methods are mostly consistent, only the robustness test results of nearest neighbor matching (K = 4) are shown in this section.

The balance test requires that the treatment group and control group have no systematic differences in terms of the matching variables after the completion of matching. Rosenbaum (1985) tested the balance before and after matching by using the standardized bias. In other words, whether the balance passes the test is mainly determined by the covariate deviation changes and t-statistical significance level changes before and after matching (Caliendo and Scheel-Kopeinig, 2008). It can be seen from Table 4 that the standardized bias of all covariates is smaller than 5% after matching, and the t-test statistics of most control variables before matching are significant. Moreover, all P values of the t-test statistics for all control variables after matching are higher than 0.2, indicating that control variables are insignificant after matching. Therefore, matching significantly reduced the difference in the distribution of explanatory variables between the treatment group and the control group, and the overall matching quality was good.


TABLE 4. Balance test results of propensity score matching (PSM).

[image: Table 4]
The kernel density diagram (Figure 2) shows the density distribution fitting conditions of the P-score (calculated using Equation 1) before and after matching between the treatment group and the control group. In this study, the common support domain was tested by plotting the kernel density. If the common support domain is too narrow, samples beyond the common support domain cannot be matched effectively, leading to sample loss. Otherwise, the matching effect is relatively good if the common support domain increases after matching. The kernel density diagrams of subjective well-being and income are shown in Figures 2A,B, respectively. It is clear that the PS probability density distributions of two groups after matching differ significantly. In other words, there is significant coverage between the two groups, and the PS probability distribution of the two groups has gradually become consistent. This reveals that the chosen matching variables and matching method in this study are reasonable and can lower differences in the explanatory variable distribution between two groups to a certain extent, facilitating decreases in the biased error of sample selection.


[image: image]

FIGURE 2. Kernel density distribution of natural hazards before and after matching: (A) Subjective well-being; (B) Income. The solid line represents rural residents who have received the indicated intervention. —The dashed line represents rural residents who have not received the indicated intervention.




Average Treatment Effect

Estimation based on multiple matching methods can increase the robustness and reliability of the results. Therefore, different matching methods were used in this section to estimate the ATT of natural hazards on the subjective well-being and income of farmers, including nearest neighbor matching (k = 4), radius matching (r = 0.01), kernel matching, and local linear regression matching. The ATT results of the treatment group after matching using different matching methods are shown in Table 5.


TABLE 5. Comparisons of average treatment effect (ATT).

[image: Table 5]
Although the calculated results of different matching methods differ slightly, their general trends are consistent. Firstly, the influences of natural hazards on the subjective well-being of farmers were analyzed. It can be seen from Table 5 that the mean ATT = –0.1040, indicating that natural hazards have significantly negative effects on the subjective well-being of farmers. In other words, under the same conditions, the subjective well-being of the treatment group is 0.1040 lower than that of the control group. Hence, H1 is verified. Similarly, the household income of the treatment group is lower than that of the control group. This means that natural hazards can decrease the household income (Mean ATT = –0.1715) of farmers significantly. Therefore, H2 is verified. Therefore, we found, through PSM, that natural hazards have a significant negative relationship with farmers’ subjective well-being and income. It is important to note that the influences of natural hazards on subjective well-being are smaller than those on income (0.104 < 0.1714). This is mainly because, in comparison to income, the influences of natural hazards on subjective well-being are not direct. Additionally, there are many influencing factors on the subjective well-being, which can relieve the influences of hazards to some extent.





DISCUSSION

In 2021, the number of people affected and economic losses caused by natural hazards in China decreased by 31 million and 36.13 billion yuan, respectively, compared to the previous year (data source: Ministry of Emergency Management). However, China is a country that suffers from the most severe hazards. As a result, it is necessary to obtain a more systematic and comprehensive understanding of the natural hazards to alleviate their effects. This study found that the distributions of the subjective well-being and income of farmers differ significantly among different regions. However, natural hazards have significantly negative influences on subjective well-being and income. This is consistent with the research results of Mertens et al. (2016) and Lohmann et al. (2019). Nevertheless, some scholars have also pointed out that the influences of natural hazards on income decreased significantly in the short-term (Mu and Chen, 2016); however, rural income may exceed the level before hazards in the long-term. This is because farmers recombine their productive asset inventories, and infrastructure in affected areas is rebuilt and sometimes improved, reducing transaction costs (Gignoux and Menendez, 2014). Additionally, post-hazard rebuilding can provide more jobs, and these regions can obtain economic support. Therefore, a farmer’s income will be recovered and can even increase.

Natural hazards affect people in a variety of ways. People who become homeless, lose income, lose jobs, or get injured owing to natural hazards could have low subjective well-being because their living conditions have changed greatly. Moreover, natural hazards could influence subjective well-being indirectly through people’s perceptions of hazard risks. Cui and Han (2019) found—through an empirical study—that risk perception of earthquakes includes perceiving the probability of earthquakes in the future, which influences an individual’s subjective well-being. Further, natural hazards can affect farmers’ income through direct and indirect channels. Direct influences include decreased incomes as a response to decreases in the agricultural output due to natural hazards, while indirect influences include income reduction caused by hindered transportation of agricultural produce owing to damaged infrastructure (e.g., highways). Hence, it is believed that natural hazards can influence the subjective well-being of individuals and household income through direct and indirect channels.

The relationship between income and subjective well-being is an important research topic in the field of economics. Early studies can be dated back to Easterlin (1974), who found that subjective well-being may not continue to increase with increases in income. Subsequent researchers called this phenomenon the “Easterlin paradox”. However, some studies found that economic or income growth would promote continuous improvements in subjective well-being (Diener et al., 2012). Generally speaking, such positive influences exhibited a decreasing trend. It is important to note that some researchers have found that there is a negative correlation between subjective well-being and per capita GDP (Deaton and Stone, 2013). The empirical results of this study indicate that income has a certain positive impact on subjective well-being, but the degree of this impact varies with time, the region, and the individual. It can be seen from Figures 1A,B that the regional average income and subjective well-being do not have the same trend. This reflects that the region with the highest average income may not have the highest average subjective well-being. For example, CS has a relatively higher average income, but its average subjective well-being is the lowest of all six administrative regions, at only 3.81. Therefore, income is a factor that influences subjective well-being, but does not play a decisive role in it.

Furthermore, although subjective well-being is highly related to income, income is not the only factor that influences subjective well-being; it is also influenced by individual characteristics, social relations, the external environment, policy systems, etc. Moreover, natural hazards influence subjective well-being indirectly, but directly influence income. As a result, natural hazards influence subjective well-being less than income. This might be because many factors influence subjective well-being, including income, which relieves some influences of hazards on subjective well-being; in contrast, the influences of natural hazards on income are more direct.

Natural hazards can influence the subjective well-being and household income of farmers significantly. The two factors are part of the individual level and household level, respectively. Therefore, the government has to consider farmer victims at different levels during hazard rescue and when formulating post-hazard recovery policies. They must provide employment and psychological counseling to individuals, house repair and rebuilding, material assistance at the household level, etc. Moreover, the government should increase hazard prevention measures, including safety education and general engineering measures. Some studies have found that preventive measures not only strengthen the hazard risk perception of farmers, but also are conducive to preventing decreases in subjective well-being caused by anxiety regarding future natural hazards (Berlemann, 2016). In addition, hazard prevention measures can reduce the loss of life and property.



CONCLUSION

Natural hazards can have significant influences on the social economy owing to the uncertainty, uncontrollability, and difficulties associated with their prediction. Based on micro-data, this study got rid of small-scale research and focused on macro scale to quantify the impact of natural hazards on rural residents’ subjective well-being and family income from individual and household levels. Moreover, the method of this study is also separated from the traditional regression analysis, and PSM method is used to reduce the result bias caused by sample selection, so as to get more accurate quantitative results.

The results demonstrate that (1) the average subjective well-being of farmers in China is 3.875. Farmers in NC have the highest subjective well-being and farmers in CS have the lowest subjective well-being. (2) The household income of farmers in China exhibit obvious regional differences. It is generally high in the southeast and low in the northwest. (3) Natural hazards can lower the subjective well-being (Mean ATT = –0.1040) and income (Mean ATT = –0.1715) of farmers significantly, and natural hazards influence subjective well-being less than income.

Almost all countries have experienced the influences of various types of natural hazards, such as climate change. Rural areas are facing greater threats due to their exposure and vulnerability. This study also has some limitations. On the one hand, CHFS is not obtained through stratified sampling, and there may be regional imbalance in the sample data; on the other hand, the large difference in the number of control group and treatment group in the sample may not be conducive to matching (the matching effect is found to meet the requirements through testing). However, this study reveals the relationship of natural hazards with the subjective well-being and income of farmers in rural areas in China. This not only helps fill this research gap in China, but also provides a theoretical reference to deepen our understanding of natural hazards. In addition, the study of SWB can also provide more direct suggestions for the government’s policy design to improve residents’ happiness and sense of gain. We know that income will affect people’s subjective well-being, and to improve the well-being of rural residents, we should start from the aspects of land cultivation and industry. The government should actively explore local characteristics, drive the development of relevant industries, increase employment and income, and constantly strengthen ecological restoration and disaster prevention. More importantly, during hazard rescue, the government shall not only pay attention to the practical situation, but also consider issues from the individual and family perspectives, aiming to help farmers return to their normal lives and stabilize the regional development.
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