

[image: image1]
More income, less depression? Revisiting the nonlinear and heterogeneous relationship between income and mental health









 


	
	
TYPE Brief Research Report
PUBLISHED 14 December 2022
DOI 10.3389/fpsyg.2022.1016286






More income, less depression? Revisiting the nonlinear and heterogeneous relationship between income and mental health

Chao Li1, Guangjie Ning1*, Lin Wang2 and Feier Chen1


1Research Unit of Public Health and Health Economics, Research Center of Labor Economics, Business School, Shandong University, Weihai, China


2Glorious Sun School of Business and Management, Donghua University, Shanghai, China


[image: image2]

OPEN ACCESS

EDITED BY
 Jingyi Wang, Fudan University, China

REVIEWED BY
 Yun Chen, Fudan University, China
 Lance Gore, National University of Singapore, Singapore

*CORRESPONDENCE
 Guangjie Ning, gjning@sdu.edu.cn 

SPECIALTY SECTION
 This article was submitted toHealth Psychology,a section of the journalFrontiers in Psychology


RECEIVED 10 August 2022
 ACCEPTED 15 November 2022
 PUBLISHED 14 December 2022

CITATION
 Li C, Ning G, Wang L and Chen F (2022) More income, less depression? Revisiting the nonlinear and heterogeneous relationship between income and mental health. Front. Psychol. 13:1016286. doi: 10.3389/fpsyg.2022.1016286

COPYRIGHT
 © 2022 Li, Ning, Wang and Chen. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
 

This paper uses a large-scale nationally representative dataset to examine the nonlinear effect of income on mental health. To investigate their causal relationship, the exogenous impact of automation on income is utilized as the instrument variable (IV). In addition, to explore their nonlinear relationship, both income and its quadratic term are included in regressions. It is found that the impact of income on mental health is U-shaped rather than linear. The turning point (7.698) of this nonlinear relation is near the midpoint of the income interval ([0, 16.113]). This suggests that depression declines as income increases at the lower-income level. However, beyond middle income, further increases in income take pronounced mental health costs, leading to a positive relationship between the two factors. We further exclude the possibility of more complex nonlinear relationships by testing higher order terms of income. In addition, robustness checks, using other instrument variables and mental health indicators, different IV models and placebo analysis, all support above conclusions. Heterogeneity analysis demonstrates that males, older workers, ethnic minorities and those with lower health and socioeconomic status experience higher levels of depression. Highly educated and urban residents suffer from greater mental disorders after the turning point. Religious believers and Communist Party of China members are mentally healthier at lower income levels, meaning that religious and political beliefs moderate the relationship between income and mental health.
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Introduction

In the area of mental health, an almost universally accepted conclusion is that depression is inversely related to income (Thoits and Hannan, 1979). In earlier studies, the exact relationship between income and mental health can hardly been determined (Diener, 1984). Subsequent empirical tests confirm a statistically significant correlation between income and mental health (Diener et al., 1993). When depression is widely used to measure mental health, studies based on data from the United States and South Africa have further demonstrated that those with lower personal or household income tend to be at higher risk of depression (Sareen et al., 2011; Lund and Cois, 2018). Although studies find higher levels of depression in lower-income groups, after controlling other demographic, social and economic characteristics, the significant relationship between income and depression becomes less robust (Zimmerman and Katon, 2005). Similar results are obtained when measuring mental disorders in terms of pain and anger: low income tends to be significantly associated with the two kinds of negative emotions (Koltai et al., 2018). Studies have also found that the impact of income can be transmitted through subjective financial well-being (Iannello et al., 2021). This relationship is also more pronounced among low-income individuals and women (Chen et al., 2019; Zhang et al., 2020; Pan et al., 2021). Recent research finds that the relationship between income and subjective well-being is also related to the measurement of the two factors, which is why there are variations in the estimations on the relationship in existing research.

Existing literature also demonstrates that the correlation between income loss and depression persists over time. For example, some studies use personal past difficult experiences to study the lagging effect of financial hardship on mental health and find that those who experienced financial hardships have a higher risk of mental disorders than their counterparts (Kiely et al., 2015). In the COVID-19 epidemic, low-income workers face the risk of lower subjective well-being than their counterparts. The lockdown caused by the epidemic has also forced many people to furlough or even lose job. Those who were furloughed suffered more happiness loss than workers who were able to continue working (New York: UN Sustainable Development Solutions Network, 2021). This is also consistent with other research findings in the context of COVID-19, that income loss can negatively impact mental health (Tran et al., 2020; Hajek et al., 2022). In the latest World Happiness Report, data show that the COVID-19 outbreak significantly reduced both income and life satisfaction (New York: UN Sustainable Development Solutions Network, 2022). Income inequality is also an important factor. Empirical studies have found that in countries with higher income inequality, the relationship between income and mental well-being is more significant (Macchia et al., 2020). Furthermore, evidence from Japan shows that the relationship between income and subjective well-being rather than objective well-being is more prominent (Tsurumi et al., 2021).

Additionally, studies have shown that income has a diminishing marginal effect. This is because when the income reaches a certain threshold or the baseline, income would have already covered the basic necessities of life. According to Maslow’s hierarchy of needs theory, higher-level factors influence well-being. After this point, changes in happiness depend more on factors such as social relationship and self-actualization than on income (New York: UN Sustainable Development Solutions Network, 2012), which is why $10 has different effects on the poor and the rich. It is worth noting that it is more difficult for people who emphasize high income to raise happiness (Easterlin, 2001; Nickerson et al., 2003). Furthermore, based on data from the Gallup World Poll and the World Income database, the European sample demonstrates that lagged higher income is statistically significantly associated with lower average enjoyment and higher average stress and sadness (Powdthavee et al., 2017). This may explain the phenomenon of happiness not increasing in countries where incomes increased. Other research shows that decreasing income has a greater impact on mental health than rising income (Boyce et al., 2013; Shields-Zeeman and Smit, 2022). Recent studies demonstrate that income growth that lifts people out of poverty has a much higher positive impact on mental health than other types of income increase (Thomson et al., 2022). This implies that the relationship between income and mental health may not be simply linear.

Besides, studies also indicate the reverse causality between income and mental health. The 2012 World Happiness Report reveals that there is a bidirectional relationship between income and well-being (New York: UN Sustainable Development Solutions Network, 2012) and higher well-being is associated with higher current income (Judge et al., 2010) and future income (Marks and Fleming, 1999; Diener et al., 2002; Graham et al., 2004). Research based on a large representative dataset in the United States finds that those who report higher life satisfaction during their teenage years have significantly higher income levels as adults. This effect includes both direct and indirect impacts, mainly transmitted through college enrollment, opportunities of being hired and levels of optimism and extraversion (De Neve and Oswald, 2012). In addition to this, it is found that poor mental health may affect people’s ability to engage in paid work and thus income (Benzeval et al., 2014). Moreover, worse socioeconomic conditions lead to mental illnesses such as depression and social withdrawal, further impairing people’s human capital, work ability, and income. Mental problems such as depression and anxiety can directly affect the way people think by distracting attention, which in turn may further distort their economic preferences and decision-making (Ridley et al., 2020). In addition, lack of concentration and fatigue caused by depression can also reduce work efficiency, lower people’s performance in the labor market, and thus affect income. The loss of income due to depression may further impact future mental health, leading to a vicious circle (Elwell-Sutton et al., 2019). In this regard, provision of health or unemployment insurance can reduce depression and anxiety to a certain extent (Hynek et al., 2021). However, there are also findings suggesting that the causal relationship between income and mental health is uncertain. While lower income is associated with higher levels of depression, the extent to which income has a causal effect is debated (Thomson et al., 2021; Shields-Zeeman and Smit, 2022).

By reviewing relevant existing research above, it is not difficult to find that most of the existing literature assumes that there is a linear positive correlation between income and mental health (Lund et al., 2010; Brenner et al., 2014; Tampubolon and Hanandita, 2014; Barbaglia et al., 2015; Clingingsmith, 2016; Horn et al., 2017; Lachowska, 2017; Kilburn et al., 2018; Arvind et al., 2019; Swift et al., 2020). Moreover, on the one hand, since the existing literature shows that income has a diminishing marginal effect on mental well-being (New York: UN Sustainable Development Solutions Network, 2012), we are inspired to examine the nonlinear effect of income when exploring the relationship between the two factors. On the other hand, because studies have shown that there is a bidirectional causal relationship between income and well-being, endogeneity needs to be addressed to scientifically measure the effect of income on depression. In view of this, this research aims to examine the nonlinear effect of income on mental disorders based on tackling the endogeneity problem. Based on a large-scale nationally representative dataset, Chinese General Social Survey (CGSS), this paper uses the exogenous shock to income from automation as the instrument variable to explore the causal impact of income on mental health and explores the nonlinear influence of income on depression by including higher-order terms of income in regressions. A series of robustness checks are also conducted. Furthermore, we find that the nonlinear effect of income is heterogeneous in terms of gender, age, education, region, socioeconomic status, and social identity.



Materials and methods


Participants

Participants are from a large-scale nationally representative survey, Chinese General Social Survey (CGSS), conducted in 2017 and 2018. CGSS is one of the most important national, comprehensive and continuous academic survey projects in China. CGSS is in the world General Social Survey family, jointly carried out jointly by Renmin University of China and Hong Kong University of Science and Technology. The sampling of CGSS is based on the multi-stage stratified design. It aims to gather data on Chinese society to monitor and explain trends in income, attributes, behaviors, health and attitudes to examine the structure and functioning of society in general. Details of the study protocol and data files are introduced in the Supplementary material and available on http://cgss.ruc.edu.cn/English/Home.htm.



Methods

Unraveling the effect of income on mental health is difficult because randomized controlled trials of income are almost not available. The main endogeneity issue here is reverse causality, whereby mental health also affects income (Ridley et al., 2020; Shields-Zeeman and Smit, 2022). Therefore, their relationship detected using observational data in the existing literature is more of a correlation than causality. This paper innovatively uses the exogenous impact of automation on income as the instrument variable to explore the causal effect of income on mental health based on dealing with endogeneity, especially the reverse causality. In addition, to examine the nonlinear relationship between income and depression, we use both income and its square as independent variables. Specifically, the following Two Stage Least Square (2SLS) econometric model is constructed.
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In the model, [image: image] and [image: image] are the logarithm of income and its square. [image: image] and [image: image] are the indicators of the degree of automation’s influence on income and its quadratic term. [image: image] represents the participant’s depression level. [image: image] is a series of control variables.[image: image] and [image: image] control time and provincial fixed effects. We use the first two equations to conduct the first stage estimation of [image: image] and [image: image], and obtain [image: image] and [image: image], respectively. In the second stage estimation, the third equation is regressed using [image: image] and [image: image] to examine the nonlinear effect of income on mental health.

In this 2SLS model, the instrument variable is [image: image]. This index is constructed by Autor and Dorn (2013) and serves as the most commonly used indicator to characterize automation’s impact on labor income (Acemoglu and Restrepo, 2020). It has been proved that the higher the extent of job replacement by automation, the lower the income (Hubmer and Restrepo, 2022). Therefore, this instrument variable satisfies the correlation requirement. At the same time, due to the following three reasons, this instrument variable meets the exogeneity prerequisite. First, the replacement of jobs by automation and thus its impact on income are caused by exogenous technological progress, independent of workers’ individual-level characteristics. Second, the automation degree of occupations is higher-level than the individual-level characteristics of workers. Therefore, automation is exogenous to the individual-level regression of depression. Third, Autor and Dorn (2013) measure the automation index utilizing the task characteristics of different occupations in the Dictionary of Occupational Titles by the United States Department of Labor in 1977. Because the individual traits of current workers could not affect the characteristics of occupations in 1977, this instrument variable well satisfies the exogeneity condition from the perspective of avoiding reverse causality. Therefore, this paper can use above 2SLS model to scientifically investigate how income affects mental health based on dealing with endogeneity.

This measure ranges from-6.190 to 4.235. According to this index, the [image: image] indicator of those in sales and service elementary occupations, laborers in mining, construction, manufacturing and transport, and personal and protective service workers are equal or close to 4.235. This means that people’s jobs in these occupations are replaced by automation to a larger extent, and consequently their income are more negatively affected by the exogenous AI technological progress. On the contrary, corporate managers, physical, mathematical and engineering professionals, life science and health professionals and other professionals’ [image: image] measure are equal or close to the minimum of-6.190. This means that those in above occupations are complementary to automation applications, and their income is positively affected by automation technology. A detailed description of this index is provided in the Supplementary material.



Measures

The explained variable used in this paper is the depression level of the individual. This variable is based on the classic Likert scale from 1 to 5 to characterize people’s depression level. In CGSS, this indicator comes from respondents’ intensity of feeling depressed, from not depressed, mildly depressed, moderately depressed, very depressed to severely depressed. This indicator is also one of the most commonly used depression indicators in the existing literature (Derogatis, 1978; Foa et al., 1998; Mohr et al., 1999; Beck and Gable, 2000; Horigian et al., 2021). The explanatory variable of this paper is the logarithm of individual income and its quadratic term. Referring to the literature on the determinants of depression (e.g., Rosenquist et al., 2011; Rai et al., 2013; Ustun, 2021), we comprehensively control the basic demographic characteristics, human capital characteristics, social characteristics, working characteristics, family characteristics and regional and time fixed effects to minimize omitted variable bias in regressions. (1) Basic demographic characteristics include age, the square of age and gender. (2) Human capital characteristics include education level, health status and whether she/he is a migrant. (3) Social characteristics include whether the respondent’s Hukou is in urban,1 whether she/he belongs to ethnic minorities, whether she/he is a religious believer and Communist Party of China (CPC) member. (4) Working characteristics include weekly working hours, whether the respondent has pension and medical insurance. (5) Family characteristics include whether the respondent is married, her/his number of children, number of houses and the family’s overall socio-economic status. (6) Regional and time characteristics include provincial and time dummies. The descriptive statistics of above variables are shown in Table 1.



TABLE 1 Descriptive statistics.
[image: Table1]




Results


Benchmark results

Estimation results using above 2SLS model are demonstrated in Table 2. Column (1) is the regression without any control variables, showing that both of [image: image] and [image: image]’s estimated coefficients are statistically significant. The estimate of [image: image] is significantly negative, whereas that of [image: image] is positive. This means that income’s effect on depression is nonlinear. Columns (2)–(6) are regression results gradually adding demographic characteristics, human capital characteristics, social characteristics, working characteristics, family background and regional and time dummies. It is shown that in all regressions, estimates of income and its squared term are all significant, indicating that the nonlinear effect of income on depression is very robust. In addition, with the addition of different types of control variables, estimates of the two variables are basically stable at around-1.4 and 0.1, respectively. This means that the nonlinear relationship between income and mental health is almost not affected by other factors.



TABLE 2 U-shaped effects of income on depression.
[image: Table2]

Specifically, according to the results in column (6) of Table 2, the estimates of income and its square are-1.401 and 0.091, indicating a U-shaped effect of income on depression. This means that in the lower-income level, depression declines as income increases. This is mainly due to the fact that the higher the income, the higher the living standards, which are conducive to improving mental health. However, after income increases to a certain level, amounting to 7.717 (=1.401499/(0.0908046*2)), depression rises with the increase of income. In CGSS, the range of [image: image] is [0, 16.113]. Therefore, after the middle income, further increases in income raise depression levels. The underlying reason is that the negative effects of working efforts required to further improve income are greater than the benefits of rising earnings, causing the increase of mental disorders. This confirms that the relationship between income and mental health is a nonlinear U-shaped relationship. Figure 1 intuitively shows that as income increases, its effect on depression is firstly negative and then positive.

[image: Figure 1]

FIGURE. 1
 Marginal effects of income on depression.


Based on the above analysis, we naturally further propose the question: Whether the relationship between income and depression is a U-shaped relationship or a more complex one with more turning points, such as a W-shaped or M-shaped relation. We test this hypothesis by further incorporating the cubic term of income, [image: image], into the model to conduct a similar 2SLS estimation. Regression results shown in column (7) of Table 2 demonstrate that after this cubic term is included, all the estimated coefficients of the three variables of income are not significant. This means that there are strong multicollinearities among the three variables, causing the standard error of the estimation too large. Therefore, [image: image] should not be included into the regression. This also confirms that the impact of income on depression is not cubic or other nonlinear relations with more turning points.



Robustness checks

We conduct robustness checks on the U-shaped effects of income on mental health in the following four aspects. First, the sample sizes are different from Columns (1) to (6). The reason is that the numbers of different control variables’ observations are slightly different. Consequently, as more control variables are added in the regressions, sample size decreases to some extent. Naturally, we are concerned whether this affects the analytical results of this paper. We further conduct a robustness test and the results are shown in Supplementary Table 1. It is obvious that when we use observations with no missing values in all control variables and the sample size keeps constant in all regressions, estimation results are almost consistent with above benchmark results. This means that the variation of sample sizes caused by missing values of controls does not affect the conclusions. Second, we perform regressions using another measure of automation as the instrument variable. This index comes from Marcolin et al. (2019) and is calculated according to the frequencies with which individuals in a certain occupation may use automation to finish the work. The higher the indicator, the greater the impact of automation on workers’ income. Regression results using this IV are shown in Supplementary Table 2, which are consistent with the benchmark analysis. This means that the U-shaped relationship between income and mental health is robust and does not rely on the selection of the automation IV. Third, we use “whether feel depression” as the explained variable to investigate the impact of income on it. Supplementary Table 3 demonstrates that both income and its square have significant effects on “whether feel depression,” further confirming the U-shaped relationship between income and depression. Fourth, we conduct regressions using other types of IV models, including limited information maximum likelihood estimation (LIML), efficient two-step generalized method of moments (GMM) and iterative GMM (IGMM). Results in Supplementary Table 4 demonstrate that regardless of the instrument variable regression methods used, the nonlinear effect of income on depression is robustly supported. Fifth, we carry out a placebo test of the analytical results. Specifically, we randomly reassign [image: image] and[image: image]in the sample. The randomization ensures that in the new sample the two variables should have no significant effect on depression and the p values of their estimates should be larger than 0.1. Supplementary Figure 1 illustrates the p values of the [image: image] and[image: image]’s estimated coefficients in 1000 such placebo samples, in which most of the p values are larger than 0.1. This confirms that our results are not caused by random omitted factors and the U-shaped relationship between income and depression is robust.



Heterogeneity analysis

This paper further investigates the heterogeneity of the U-shaped relationship between income and depression in multiple aspects and the results are illustrated in Figure 2. In terms of gender, it is shown that men are generally more depressed than women. Especially in the lower income stage, men bear significantly more mental health burden. Furthermore, the turning point of the U-shaped relationship is greater for men (9.440) than for women (8.326). This means that men are more willing to take on pressure to increase their income. This feature is related to the Chinese tradition of “Men take charge and women take care.” In terms of age heterogeneity, the findings suggest that older workers have higher levels of depression. In addition, the U-shaped curve between income and depression is steeper in the older age group. This means that for older workers, the cost of mental disorders in raising income beyond the turning point is much higher. In respect of education, it is illustrated that those with a bachelor’s degree or above are mentally healthier at the lower-income interval. However, after the turning point, they tend to suffer from higher levels of depression.

[image: Figure 2]

FIGURE 2
 (A-I) Heterogeneities in the effects of income on depression.


With regard to regional heterogeneity, results show that below the turning point, urban residents have lower levels of depression. But at the high-income stage, they take on more burden of mental disorders. This may be caused by the fact that the urban labor market is more competitive and the mental health costs of improving incomes are higher. As to health heterogeneity, self-rated healthy respondents have lower levels of depression and a much bigger turning point of the U-shaped relationship. This means that the overall health status is closely associated with mental health and those with higher overall health status tend to be mentally healthier. Regarding socioeconomic status, the higher socioeconomic status group is less depressed. Its turning point of the nonlinear relationship is much larger and the U-shaped curve is relatively flatter. This means lower mental health costs to improve income for the higher socioeconomic group.

Concerning social identity, we examine the heterogeneities in the aspects of ethnicity, religious belief and political identity. Analytical results show that ethnic minorities have higher levels of depression. Especially in the high-income stage, their mental health cost to further increase income is obviously higher. In general, religious believers’ mental health condition is better. Moreover, there is no significant difference in depression between Chinese Communist Party (CPC) members and non-CPC members. However, in the lower income interval, CCP members have higher levels of mental health. This may be due to the fact that CCP members are educated and required to sacrifice selflessly, making them easier to accept lower income.




Conclusion and discussion

Using a large-scale nationally representative survey, the Chinese General Social Survey (CGSS), this paper systematically explores the relationship between income and mental health. In terms of research methods, we use the exogenous impact of automation on income as the instrument variable and investigate income’s impact on depression based on scientifically dealing with endogeneity. In addition, to examine the nonlinear relationship between income and depression, we analyze both income and its quadratic term in regressions. Results demonstrate that the estimated coefficients of income and its square are statistically negative and positive, respectively. This means that the relationship between income and mental health is U-shaped rather than a simple linear correlation. The turning point (7.698) of the U-shaped effect is close to the midpoint of the income interval ([0, 16.113]). This suggests that, in lower levels of income, depression declines as income rises. However, beyond the turning point around middle income, further increases in income bring about notable mental health costs, leading to a positive relationship between the two factors. Findings of the nonlinear causal relationship contribute to the existing literature where a simple linear correlation between income and mental health is assumed. In addition, we also exclude the possibility of more complex nonlinear relationships between income and mental health. Moreover, robustness tests are carried out, such as using other types of instrument variables, mental health indicators and IV models, as well as placebo analysis. Their results further confirm that the U-shaped effects of income on mental health are robust.

Most of existing studies conclude that there is a linear relationship between income and mental health, which is proved to be positive in both earlier studies (e.g., Diener et al., 1993; Marks and Fleming, 1999; Graham et al., 2004; Judge et al., 2010; Lund et al., 2010; Sareen et al., 2011; Sun et al., 2011; De Neve and Oswald, 2012) and more recent ones (e.g., Arvind et al., 2019; Elwell-Sutton et al., 2019; Macchia et al., 2020; Ridley et al., 2020; Swift et al., 2020; Tran et al., 2020; Hertz-Palmor et al., 2021; Hynek et al., 2021; New York: UN Sustainable Development Solutions Network, 2021; Pan et al., 2021; Su et al., 2021; Thomson et al., 2021; Hajek et al., 2022; Shields-Zeeman and Smit, 2022; Thomson et al., 2022). The conclusion drawn in this paper that income has a U-shaped impact on depression is consistent with findings of these studies to some extent, because as income increases mental health improves within a certain range of income. However, we further find that this positive relationship holds only below a specific income level. When income rises to a threshold, further increase in income takes significant mental health costs. From this perspective, this paper revises and extends above literature that has only considered a linear relationship between income and mental health. Moreover, this research rejects a few papers’ conclusions that there is no significant relationship between income and mental health (e.g., Zimmerman and Katon, 2005). The reason for the insignificance may be due to the fact that these studies do not consider the quadratic term of income in their empirical tests. Therefore, the positive impact of income on mental health at the lower-income stage and the negative impact after the turning point are offset against each other, leading to a seemingly insignificant relationship.

Furthermore, after carefully and thoroughly searching the literature in many ways, three existing studies are found which indirectly imply a nonlinear relationship between income and mental disorders. One of them comes from Chapter 3 of New York: UN Sustainable Development Solutions Network (2012): The Causes of Happiness and Misery. The research in this report analyzes the possible nonlinear relationship between income and mental health from a theoretical perspective, that is, income positively affects mental health with diminishing marginal returns (New York: UN Sustainable Development Solutions Network, 2012). However, it does not conduct empirical tests. Another study examines the effect of the spouse’s income on individual mental health (Syrda, 2020). Specifically, it uses the husband’s psychological distress as the dependent variable and wife’s relative income as the independent variable. The results demonstrate that men’s distress firstly decreases with their wives’ income rising. However, after the wife’s income reaches 40% or above of the household total income, male psychological distress increases. This is because the emotional burden of the husband’s declining relative status in the household outweighs the benefits of higher total income for men. Nevertheless, this study does not explore the nonlinear effects of people’s own income on her or his mental health. Besides, another paper conducts an empirical analysis using current income as the dependent variable and cheerfulness as the independent variable (Diener et al., 2002). It is found that income firstly rises as cheerfulness increases. However, after cheerfulness reaches a certain threshold, income no longer improves with cheerfulness, but tends to level off and eventually even decreases slightly. This study, while implying a nonlinear relationship between mental status and income, is not an exploration of the effect of income on mental health. In summary, very few studies have considered the possible nonlinear association between income and mental health to some extent. However, there is no literature directly empirically examining the U-shaped impacts of income on mental disorders at the individual level. Our study proposes the hypothesis that the relationship between income and depression may be nonlinear based on theoretical analysis and conducts a systematic empirical investigation. We find that when income is low, increasing income helps reduce mental disorders, but after income rises to a certain level, further growth in income brings about considerable mental health costs, leading to a nonlinear relationship between the two factors. This is the main contribution of this paper.

Besides, this paper conducts a detailed analysis on the heterogeneity of the U-shaped relationship between income and depression in multiple aspects. It is shown that men, older workers, minority groups and those with lower health and socioeconomic status experience higher levels of depression at nearly all income levels compared with their counterparts. These findings are consistent with existing literature. For example, it is concluded that groups with lower socioeconomic status have higher rates of mental illness (Lorant et al., 2007; Reiss, 2013). In addition, during the great recession, individuals with lower levels of health status, such as illness or disability, experience much greater decline in well-being (Boyce et al., 2018). It is also found that ethnic minorities tend to be disadvantaged in terms of mental health and subjective well-being even earning the same income with other groups (Diener et al., 1993). In terms of gender heterogeneity, Kilburn et al. (2016) demonstrate that the effect of increasing income on depression is more pronounced for the younger male. In addition, our study shows that mental health costs of further raising income after the turning point are higher for those with higher education levels and urban workers. Existing studies have found that groups with lower income levels are more susceptible to psychiatric problems (Cheung and Lucas, 2015; Cooper and Stewart, 2015; Ridley et al., 2020; Thomson et al., 2022), while the role of religious and political identity is not fully emphasized. In comparison, our study demonstrates that religious believers have higher levels of mental health. Besides, although generally no significant difference in mental health between CPC members and non-CPC members is detected, CPC members are less depressed at the lower income level. These findings imply that religious and political beliefs play a part in moderating the relationship between income and mental health.

We further compare the results of this paper with existing studies based on Chinese samples as well as those in other countries from the perspective of international comparisons. The literature reveals that studies focusing on China in this area are very limited. It also means that this study contributes to the literature by providing novel evidence on the relationship between income and mental disorders among Chinese people. Existing studies using Chinese samples (e.g., Sun et al., 2011; Bian et al., 2015) mainly utilize mental health measured by anxiety and depression or subjective well-being as the dependent variables. Their results all show that there is a significantly positive relationship between income and mental health. In addition, some studies analyze the impact of pension, the major source of income for the elderly, on older people’s mental health (Chen et al., 2019; Pan et al., 2021). It is also concluded that there is a linear positive relationship between pension enrollment and mental health for older persons. The main reason for why this research finds a nonlinear relationship between income and mental health is that we further examine the effect of the quadratic term of income on depression.

In addition, the particularity of the relationship between income and depression in China should be emphasized, which may be reflected in two aspects. First of all, China is a middle-income developing country. Therefore, compared with those in developed economies, Chinese people may have a more urgent need to further improve their income, a greater tolerance for stress caused by work, and thus a higher turning point in the relationship between income and depression. But compared to countries with lower per capita income, the turning point for Chinese people may be lower. Therefore, for other countries, whether there exists a nonlinear relationship between income and depression, and whether the turning point varies with different levels of economic development, is a valuable direction for further research. Second, China is a country profoundly influenced by Confucianism, a culture that emphasizes that people should bear working pressure, contribute to their family and be responsible for both supporting their parents and raising children. Therefore, Chinese people may have a higher tolerance for working pressure and working hours, which may also lead to a larger turning point in the Chinese sample. In view of this, an international comparative study of the nonlinear relationship between income and depression based on the comparable microdata of China and other countries would be a very meaningful research direction.

Clinical implications of the study include: First, our results reveal that the relationship between income and mental health is U-shaped rather than a simple linear correlation. This confirms that when people’s income exceeds the median income, further increase in income takes considerable mental health costs. From clinical experience, it is also found that the depression problem in the high-income group is very prominent because of increased work pressure. Therefore, for people with higher income, it is of great importance to be aware of the mental health costs of further raising income. It is crucial to rationally weigh the costs and benefits between income and mental health in the high-income stage. Second, according to the heterogeneity results of this paper, more attention should be paid to the vulnerable subgroups in terms of mental health in clinical practice. For example, men and older workers are generally more depressed than women, meaning that they take on more work pressures and their mental health problems should receive more attention. In addition, depression problems before the turning point are mainly reflected in individuals with lower educational levels, but the mental health risks of people with higher education in the high-income stage should be emphasized. Furthermore, mental health problems in those with lower overall health levels and socioeconomic status and ethnic minorities are more prominent. Therefore, their depressive disorders need to be focused on in clinical practice.

This paper has the following shortcomings. First, this study uses a cross-sectional data, rather than panel data. Although the instrument variable method is used to solve the endogeneity problem, the panel data can further control individual fixed effects and so the omitted variable bias can be better solved. The reason why this study does not use longitudinal data is that the existing panel datasets does not include the necessary explained or instrument variables used in this paper. Therefore, we look forward to a further study of the relationship between income and mental health based on better panel data in the future. Second, this paper proves the nonlinear relationship between income and mental health but fails to further examine the underlying mechanisms of the U-shaped relationship. We have proposed several possible mechanisms, which could hardly be tested due to the lack of relevant variables in the data. Third, scales like PHQ-9 are better indicators to measure the degree of depression and contain more comprehensive information than self-rated depression levels. However, this is not available in the CGSS dataset, which is also a shortcoming of this study. It would be meaningful to collect specific data for this topic to further explore the underlying mechanisms of the nonlinear relationship between income and mental health.
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