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Abstract

Late-life depression poses a significant concern in China, particularly among older rural
women who experience higher prevalence rates and heightened risk. This dissertation
investigates the factors influencing late-life depression in this specific high-risk demographic.
The first essay identifies early life factors and adult physical health as prominent predictors of
late-life depression among rural Chinese women using machine learning models. The second
essay explores a relationship between education and depression among middle-aged and elderly
rural Chinese women, revealing a negative education gradient in late-life depression. The third
essay employs a Fuzzy Regression Discontinuity Design to assess the long-term impact of
improved educational attainment on late-life depression, finding that increased schooling years
lack an evident protective effect on late-life depression among the overall rural women
population.
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Introduction

Depression as a critical component of mental health is now acknowledged as a major health
issue globally (American Psychiatric Association, 2023; Pan American Health Organization,
2023; World Health Organization, 2023). It is one of the most frequent causes of emotional
suffering in later life and can significantly decrease the quality of life in older adults (Blazer,
2003). Depression affects about 121 million people worldwide and represents the second leading
cause of disability around the world (Forlani et al., 2014). The prevalence of late-life depression
in low - and middle - income countries can reach as high as 39% (Guerra et al., 2016).

Late-life depression has become an urgent and growing concern in aging China, as 1 in 5
Chinese older adults are experiencing some depressive symptoms (Tang et al., 2021). While
China has a massive rural population exceeding 500 million (National Bureau of Statistics of
China, 2023), the knowledge on this population is limited because research evidence from rural
areas is scarce. Limited evidence shows that mental health problems and depression are more
prevalent in the rural population in China than in the urban population (Chen et al., 2013; Cheng
etal.,, 2023; Guo et al., 2017; Hou et al., 2015; Hu et al., 2019; Li et al., 2023; Ni et al., 2022;
Qiu et al.,, 2016; Qiu, Li, et al., 2020; Zhou et al., 2014). Women in China in particular have also
been found to be more likely to suffer from depression than men (Chen et al., 2014; Chen et al.,
2005; Chen et al., 2012; Chen et al., 2020; Cui et al., 2021; Delaruelle et al., 2018; Fang et al.,
2019; Hu et al., 2019; Ji & Xiang, 2023; Li et al., 2022; Luo et al., 2018; Ni et al., 2022; Qiu,
Qian, et al., 2020; Zhang et al., 2023; Zhang et al., 2019; Zhou et al., 2013). Specifically, a few
studies that focus on rural Chinese women specifically found that the prevalence of significant
depressive symptoms among rural women is indeed much higher than among rural men, despite
the dataset, size, and location of the rural women samples used (Hou et al., 2015; Qiu et al.,
2016; Zhou et al., 2014). Also, older age after 45 years old is found to be positively correlated
with more severe depressive symptoms among the Chinese (Chen et al., 2012; Chen et al., 2020;
Hou et al., 2015; Hu et al., 2019; Li et al., 2023; Wang et al., 2022; Y. Yang et al., 2020; Zhou et
al., 2013).

The intersectionality of being a woman, growing up in a rural environment, and having an
older age creates unique characteristics of rural women in China and makes them especially
vulnerable to mental health problems. Rural women in China have a uniquely high level of
suicide rate, found to be attributable to depression (Li & Katikireddi, 2019; Niu et al., 2020;
Phillips et al., 2002; Reardon, 2002; Zhang & Lv, 2014). A recent qualitative study on rural
Chinese women has found several reasons for this high prevalence of depression (Qiu et al.,
2018). Socioeconomic challenges, including economic hardships, limited job opportunities, and
lower income levels, create a context of stress and adversity that contributes to significant
depressive symptoms. Traditional gender roles and societal expectations place additional burdens



on rural Chinese women, limiting their autonomy, decision-making power, and opportunities for
personal growth, thereby fostering the development of depression. Family and interpersonal
issues, such as conflicts within the family, strained relationships with spouses or partners, and
limited social support networks, also play a significant role in the manifestation of significant
depressive symptoms. Moreover, cultural factors and the stigma surrounding mental health act as
barriers to help-seeking, as rural Chinese women face cultural expectations that discourage open
discussions about mental health and contribute to reluctance to seek professional assistance.

Figure 1 shows the prevalence of depression (percentage of the population that has
significant depressive symptoms) among rural women aged 45 to 85 years old, and the
comparisons with other population groups (urban men, urban women, and rural men)'. Data
shows that rural women (the red line) had the highest level of significant depressive symptoms
among the four population groups throughout the life course. More significantly, rural women
over the age of 70 experience the highest level of depression, which can reach a surprisingly high
rate of over 50%. In other words, by the age of 70, depression affects around one in two rural
women.

Figure 1. Prevalence of Depression Among 45-85 Years Olds, by Rural Origin and Sex

W,

4
L

Depressed (%)

2
L

T T T T T T T T T T T T T T T T T T T T T
44 46 48 50 52 54 56 58 60 62 64 66 68 70 72 74 76 78 80 82 84
Age

rural women urban women
rural men urban men

Note: Average percentages of the subgroup population that have significant depressive symptoms for each age are
reported. The subgroups are divided by rural origin and sex. Data sources and more details can be found in the Data
section in Chapter 2.

This troubling trend underscores the urgent need to address late-life depression among older
rural women in China. I therefore focus on the Chinese rural women population in my
dissertation research. In this dissertation, I present three essays that attempt to provide insights
into the late-life depression among this high-risk population.

I See Data section in Chapter 2 for details.



The first essay explored risk factors for significant depressive symptoms in middle-aged and
elderly rural Chinese women. Utilizing six machine learning algorithms, the Ridge Linear
Regression and XGBoost Regressor models emerged as top performers with AUC values of
0.703 and 0.702. Key findings highlighted poor self-reported health, mobility limitations,
adverse early life financial and health conditions, a history of arthritis, and challenges in
activities of daily living as the top predictors influencing depression in this demographic.

The second essay identifies a significant negative education gradient in depression among
rural Chinese women, with higher education levels correlating with a lower risk of depression.
Beyond education, a broader index of early life socioeconomic disadvantage, encompassing
financial hardship and parental occupational and literacy status, is associated with a greater risk
of depression into old age. Adverse childhood experiences, particularly difficult relationships
with fathers, also contribute to the risk of depression. Additionally, the study highlights that rural
Chinese women who migrate and urbanize have significantly lower rates of depression,
suggesting potential pathways through which urbanization may alleviate depression risk.

The third essay employed a Fuzzy Regression Discontinuity Design to examine the impact of
improved educational attainment on having significant late-life depressive symptoms among
rural women in China. The RD and 2SLS results indicate that increased total schooling years did
not have statistically significant long-term effects on late-life depression among the overall rural
women population. Heterogeneous analysis suggests that increased total schooling years may
have caused an increased risk of late-life depression among rural women who had early life
financial hardships or did not migrate to urban areas.
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Chapter 1. Examining the Principal Risk Factors of Late-life
Depression in Rural Chinese Women via Machine Learning
Approach

Introduction

Various factors can increase the risk of developing depressive symptoms in later life. Gender,
chronic conditions, physical disabilities, social economic status such as education, income, and
occupation, social factors such as being widowed, living alone, and social isolation, and
childhood adversities are among the most important factors that have been found to be highly
significantly associated with depression, especially for the elderlies (Alegria et al., 2023; Alegria
et al., 2018; Allen et al., 2014; Almond et al., 2018; Blazer, 2003; Li & Katikireddi, 2019; Lorant
et al., 2003; Qiu, Qian, et al., 2020; L. Zhang et al., 2012).

Most of the research on the risk factors for depression is limited to exploring the linear
relationships. Machine learning (ML) and deep learning techniques can be used to analyze
nonlinear, high-dimensional correlations between risk factors while also capturing their temporal
associations. As a result, data-driven models and algorithms can be created using ML and deep
learning techniques to identify predictors more accurately (Lee et al., 2018; Orru et al., 2012).
Few studies have used machine learning methods to predict depression (Aleem et al., 2022;
Armenta et al., 2022; Fang et al., 2023; Richter et al., 2021; Shen et al., 2023; Tan et al., 2022;
Zulfiker et al., 2021). And evidence on the Chinese population is very limited (Xiao et al., 2018;
Zhou et al., 2022).

Women in rural China are especially vulnerable and at high risk of depression (Chen et al.,
2014; Chen et al., 2005; Chen et al., 2012; Chen et al., 2020; Cheng et al., 2023; Delaruelle et al.,
2018; Fang et al., 2019; Guo et al., 2017; Hu et al., 2019; Ji & Xiang, 2023; H. Li et al., 2022; Li
etal., 2023; Liu et al., 2022; Luo et al., 2018; Ni et al., 2022; Qiu et al., 2016; Qiu, Qian, et al.,
2020; Zhang et al., 2023; Zhang et al., 2021; Zhou et al., 2013). This study fills this gap by
providing the evidence on the primary risk factors for this high risk population. To the best of
our knowledge, no study utilized a machine learning-based model for predicting the onset of
depression in the Chinese rural women population, especially middle-aged and elderly rural
women. The study examines the following research questions:

What are the predictors for significant late-life depressive symptoms 2-3 years down the road
among rural women in China?

Only a handful of studies have utilized the machine learning method to predict depression
specifically for the Chinese elderly population. One longitudinal study most similar to mine
developed machine learning models using data from the Chinese Longitudinal Healthy
Longevity Survey (CLHLS) from 2002-2014 to predict depression in the elderly in China (Su et



al., 2021). The model incorporated predictors from three main categories: demographics, health-
related factors, and chronic disease factors. The results demonstrate the potential of using
machine learning to identify high-risk elderly individuals for early intervention and treatment of
late-life depression in China. Another study developed a random forest classifier to predict
depression among the elderly with disability in rural and urban China using data from China
Family Panel Studies (CFPS) (Xin & Ren, 2022). The model incorporated predictors related to
demographics, health behavior, health status, family relations, social relations, and subjective
attitude. The study indicates machine learning approaches like random forest classifiers can
leverage key factors to effectively predict depression risk among disabled older adults in China.
This study differs from these two studies and contributes to the literature in several ways.
First, this study explored a much larger variety of potential factors. Second, it employed six
different types of machine-learning models. Third, this study makes use of the Harmonized
CHARLS dataset, which has not been explored by previous studies that used machine learning
methods to predict risk factors for depression in the Chinese population. This is the first study
that uses supervised learning regression algorithms to identify the primary risk factors of having
significant late-life depressive symptoms in the rural Chinese women population. Results from
the current study can thus produce valuable evidence that complements the previous findings.

Determinants of Depression in Chinese Adults

Many factors other than education are associated with late-life depression and have been
studied extensively in Western countries. Older adults with depression have been found to have
poorer health and cognitive abilities, greater disability, more adverse life events, lower
socioeconomic status, and less social support, and are more likely to be not married and female
(Alegria et al., 2018; Allen et al., 2014; Almond et al., 2018; Andrade et al., 2003; Aziz &
Steffens, 2013; Blazer & Hybels, 2005; Bromet et al., 2011; Chen et al., 2013; de Graaf et al.,
2012; Krishnan, 2002; Lorant et al., 2003; Lund et al., 2018; Maurer et al., 2018; Rothermund &
Brandtstidter, 2003; Srivastava et al., 2021).

According to the socio-ecological model of mental well-being, these factors can cross
between multiple levels and impact people differently based on cumulative and intersectional
experience (Michaels, 2022; Poleshuck et al., 2019; Vincent et al., 2020). It helps us to
understand mental health as a whole person concept that spans the lifetime from six levels of
influence: individual, relationships, organizations, community, society, and public policy. Figure
1 is a visual representation of individual, family, organization, community, and societal factors
that influence individual mental health and well-being.



Figure 1. A Socio-Ecological Model of Mental Health
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Much less is known about the late-life depression of the Chinese population, and only a few
studies have studied rural women in China. One recent meta-analysis identified a full list of risk
factors associated with significant depressive symptoms in older Chinese adults. These risk
factors included being female, having lower educational attainment, experiencing chronic health
conditions, functional limitations, and pain. Additionally, factors such as living alone, limited
social support, and poor self-rated health were also associated with a higher likelihood of
depressive symptoms. Many other studies of the Chinese population have also found various risk
factors and protective factors for late-life depression (see Table 1).

Table 1 provides a comprehensive summary of all the determinants of significant depressive
symptoms that were found in the middle-aged and older Chinese population in past studies.
These different factors have been categorized into different levels based on the Socio-Ecological
Model framework. The first category is individual-level factors, including SES and occupation
factors such as per-capita household total wealth and durable assets, earnings after tax, and
working in non-agricultural jobs. Individual factors also include health-related and subjective
well-being factors, such as self-reported health, ADL and chronic diseases, smoking and
drinking habits, and feeling satisfied with life. In addition, adversities from childhood, which
include factors such as childhood health status and financial status and relationships with parents,
can also affect mental health in later adult life. The second category is relationships, which
includes family-related factors such as the size of the household, marital status, number of
children, the age of the first partner and child, etc. Social factors such as contact frequencies with

10



children and participation in social activities are also important relationship factors. The third

category, organizational factors, includes factors such as being a religious member. The fourth

category, the community factor, includes housing and living conditions.

Table 1. Summary of the Determinants of Depressive Symptoms in Chinese Population

Zhang et al., 2021)

Poor self-rated health status (Chen et al., 2005; Liu
et al., 2021; Shao et al., 2022; Tian et al., 2019; Woo
et al., 1994; Xin & Ren, 2022) (Hou et al., 2015; Liu
et al., 2022; Qiu, Qian, et al., 2020)

Chronic disease (Chen et al., 2014; Chen et al.,
2005; Chen et al., 2012; Chen et al., 2020; Jiang et
al., 2020; Lei et al., 2014; H. Li et al., 2022; Qiao et
al., 2023; Qiu, Qian, et al., 2020; Wang et al., 2022;
Xin & Ren, 2022; Zhou et al., 2014)

Physical disability; inability to perform activities of
daily living (ADLs) (Chen et al., 2012; Feng et al.,
2021; Hu et al., 2019; Ji & Xiang, 2023; Jiang et al.,
2020; Lei et al., 2014; Luo et al., 2018; Ni et al.,
2022; Qiu, Qian, et al., 2020; Shao et al., 2022; Van
Orden et al., 2015; Woo et al., 1994; Zhang et al.,
2021)

Poor cognitive functions and cognitive decline (Lam
& Tam, 2012; Wang et al., 2020; Woo et al., 1994;
Xu et al., 2023; X. Yang et al., 2020; Zhou et al.,
2021)

Chronic pain (Lei et al., 2014; Ni et al., 2022)
Obesity (Luo et al., 2018; Xin & Ren, 2022)
Smoking and drinking (Luo et al., 2018; Qiao et al.,
2023)

Level Risk Factors Protective Factors

e Lower education level (Chen et al., 2012; Chen et al., e Higher education level (Lei et al.,
2020; Cheng et al., 2023; Gao et al.; H. Li et al., 2014; Qiao et al., 2023; Zhang et
2022; Luo et al., 2018; Y. Yang et al., 2020; Zhou et al., 2021)
al., 2014; Zhou et al., 2013) e  Urbanized rural residents (Hong &

e Female (Chen et al., 2014; Chen et al., 2005; Chen Luo, 2022; Zhang et al., 2022)
et al., 2012; Chen et al., 2020; Fang et al., 2019; Hu e  Migration in early adulthood
et al., 2019; Ji & Xiang, 2023; H. Li et al., 2022; Liu (Zhang et al., 2023)
et al., 2022; Luo et al., 2018; Ni et al., 2022; Qiu et e  Currently living in town (Liu et al.,
al., 2016; Qiu, Qian, et al., 2020; Zhang et al., 2023; 2022)
Zhang et al., 2021; Zhou et al., 2013) e Higher expenditure; higher income

e Older age (Chen et al., 2012; Chen et al., 2020; Hou (Cheng et al., 2023; Hong & Luo,
etal.,, 2015; Hu et al., 2019; Li et al., 2023; Wang et 2022; Lei et al., 2014; Liu et al.,
al., 2022; Y. Yang et al., 2020; Zhou et al., 2013) 2022; Qiao et al., 2023)

¢  Rural Hukou; rural household registration (Cheng et e  Employment (Cheng et al., 2023)
al., 2023; Guo et al., 2017; Hu et al., 2019; Li et al., e Good general health (Lei et al.,
2023; Ni et al., 2022) 2014; Niu et al., 2022)

e  Migration experience of rural residents (Deng et al., e Receive pensions (Luo et al.,
2023; Guo et al., 2017; Hu et al., 2019) 2018; Shao et al., 2022)
Lived in rural area (Zhang et al., 2021) e  Ownership of other properties
Poverty; low income; low family economic status (Qiao et al., 2023)
(Chen et al., 2014; Guan et al., 2014; Guo et al., e Exercise; regular physical activity
2017; Hou et al., 2015; Hu et al., 2019; Jin et al., (H. Li et al., 2022; Wang et al.,
2020; H. Li et al., 2022; Qiu, Qian, et al., 2020; Wang 2022)
et al., 2022; Woo et al., 1994; Xin & Ren, 2022; e Leisure time physical activities
Zhang et al., 2021; Zhou et al., 2014) (LTPA) (H. Li et al., 2022)

Individual ¢ Unemployment and not working (Hou et al., 2015; .

Smoking and drinking (Cheng et
al., 2016; H. Li et al., 2022)
Access to medical insurance and
social security (Qiao et al., 2023;
Zhang et al., 2021)

High satisfaction levels with life
(Niu et al., 2022)

Increased sunlight exposure
duration; good air quality (Cui et
al., 2021; Niu et al., 2022)
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Hospitalization (Qiao et al., 2023; Xin & Ren, 2022)

e Menopausal status (Wang et al., 2022)

e Vasomotor symptoms, somatic symptoms, and
urogenital symptoms (Wang et al., 2022)

¢ Not eating enough meat (Chen et al., 2005; Zhou et
al., 2014)

Not watching television (Chen et al., 2005)
Daily sleep duration (H. Li et al., 2022; Xin & Ren,
2022; Zhou et al., 2014)

e Widowed or divorced (Lei et al., 2014; H. Li et al., e  Married (Niu et al., 2022; Williams
2022; Li et al., 2023; Liu et al., 2022; Luo et al., et al., 2017)

2018; Pang et al., 2023; Xu et al., 2020; Zhang & e Living with a spouse (Liu et al.,
Zang, 2022) 2022; Zhang et al., 2019)

e Single (Qiu, Qian, et al., 2020) e Having fewer children (Qiao et al.,

e Loneliness (Chen et al., 2020) 2023)

e  Childless (Guo, 2014) e Intergenerational co-residence and

e Hauving first child (Shi & Shen, 2023) family support (Cheng et al., 2023;

e Family-related negative life events; adverse life Cong & Silverstein, 2008; Ding et
events in the past 2 years (Chen et al., 2005; Guan al., 2021; Guan et al., 2014; Guo,
etal., 2014) 2014; Liu et al., 2022; Williams et

e Living alone (Chen et al., 2012) al., 2017)

e  Living with children (Fang et al., 2019; Zhang et al., e Good parent-child relationship (Niu
2019) et al., 2022)

¢  Low family support (Chen et al., 2012; Van Orden et e Providing financial support to

Relationships al., 2015; Woo et al., 1994) children (Cheng et al., 2023)

e Childhood adversity; adverse childhood experience; »  Social participation and having
mild shocks in early life (Fang, 2019; J. Li et al., social activities (Hong & Luo,
2022; Li & Lu, 2019; Peele, 2020; Qiu, Qian, et al., 2022; H. Li et al., 2022; Qiao et al.,
2020; Shen, 2021; Shen & Hannum, 2023; Tian et 2023; Xin & Ren, 2020)
al., 2019; Wang et al., 2023; L. Yang et al., 2020) » High social status and social
Parental mental health problems (Tian et al., 2019) capital (Qiao et al., 2023; Xin &
Relationship problems (Chen et al., 2005) Ren, 2020) .

Lack of monetary support from adult children (Guo, e  Greater social support (Hou et al.,
2014) 2015)
e Social isolation; lack of social support; lack of friends;
social comparison (Chen et al., 2020; Deng et al.,
2023; Hou et al., 2015; Ni et al., 2022; Qiu, Qian, et
al., 2020; Tian et al., 2019; Woo et al., 1994; Xin &
Ren, 2022)
Organizations e Being a member of organizations (Qiao et al., 2023) ¢ Religious believer (H. Li et al.,
2022)
Communities e Poor-quality housing conditions and physical housing e Good living conditions; large
environment (Alegria et al., 2018; Fang et al., 2019) housing area (Hong & Luo, 2022;
e  Built form; small housing area (Qiu, Li, et al., 2020) Qiao et al., 2023)
e Village infrastructure deficiency (Li et al., 2015) e  Provision of healthcare facilities (Li

et al., 2015)
Well-constructed roads and safe
neighborhoods (Liang et al., 2023)

Note: only studies that examined the associations between depression and different factors in the Chinese population
are included in this table.

Based on all the findings from previous literature and data availability, I selected a list of

predictors of depression to be included in the analysis. The full list and details on each of the

potential risk factors can be found in the Predictors section.
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Approach

Data Sources

The primary data source I use is the Harmonized China Health and Retirement Longitudinal
Study (CHARLS) dataset. A sister study of the Health and Retirement Study (HRS) in the US,
CHARLS is a large-scale, nationally representative panel dataset that includes 4 waves of data
on Chinese residents ages 45 and older. The national baseline survey was conducted in 2011- 12,
with wave 2 in 2013, wave 3 in 2015, and wave 4 in 2018.

To ensure the national representativeness of Chinese adults aged 45 and above, the CHARLS
baseline survey covered 150 districts, and 450 villages/urban communities across the country.
Wave 1 includes 17,708 individuals in 10,257 households; wave 2 includes 18,605 individuals in
10,822 households; wave 3 includes 21,095 individuals in 12,235 households; and wave 4
includes 19,816 individuals in 11,635 households.

I transformed the Harmonized CHARLS panel dataset (unique at the individual level) into a
cross-sectional dataset (unique at the individual-wave level).

In this paper, I only included all rural> women who were aged between 45-75 years old® and
had no missing CES-D 10 scores” in the analysis. I also only included women who participated
in two consecutive waves of surveys.

Measurements

Output

The main output is an indicator variable for whether someone has significant depressive
symptoms, which is defined as having a score of 10 or higher on the Center for Epidemiologic
Studies Depression Scale (CES-D 10) (Andresen et al., 1994; W. Zhang et al., 2012). The CES-
D 10 is a brief self-report screening tool used to assess the severity of depressive symptoms in
individuals aged 18 years and above (Radloff, 1977). It consists of 10 items that ask about the
presence and frequency of depressive symptoms experienced in the past week, such as feeling
sad, restless, and having difficulty sleeping. Each item is rated on a 4-point scale, ranging from 0
(rarely or none of the time) to 3 (most or all the time). The total summed score can range from 0
to 30, with higher scores indicating greater severity of depressive symptoms. The CES-D 10 has
been shown to be a reliable and valid measure of depression in various populations (including
older Chinese) and settings (Andresen et al., 1994; Baron et al., 2017; Boey, 1999; Chen & Mui,

2 The rural indicator used for selection is rwrural2. This is the original rural indicator included in the Harmonized
CHARLS data, and is different from the rural origin indicator I created/used in Essay 1.

3 Women aged 45-75 in any of the consecutive wave combinations were included. For example, a woman was aged
46 in wave 3. Her data in wave 2 (aged 44) and wave 4 (aged 49) were included, but her data in wave 1 (aged 44)
were not included (assuming she participated in all four waves of surveys).

4 Respondent’s r4cesd10m value is larger than or equal to 1.
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2014; Gonzalez et al., 2017; Miller et al., 2008; Resseguier et al., 2013; W. Zhang et al., 2012),
making it a useful tool for clinicians and researchers to quickly screen for significant depressive
symptoms. I only included the full CES-D 10 scores with no missing items in my analysis.

A recent study testing the CES-D 10 instrument validity using CHARLS data suggests that a
cut-off point of 10 should be used for detecting significant depressive symptoms in the Chinese
population (Fu et al., 2022). The full CES-10 questionnaire can be found in Appendix D.

Predictors

This study looked into 74 potential risk factors and examined their prediction power for
having significant late-life depressive symptoms. These 74 factors were selected based on the
findings listed in previous studies (see Table 1). The rule of selection was to include all relevant
variables that were available in the Harmonized CHARLS data without any unnecessary
repetition®. In the subsections below, I listed the 74 factors and explained their variable
constructions. A detailed summary of these 74 factors can be found in Table A1 in Appendix A.

Original wave-specific variables

The following factors were original variables® that appeared in all 4 waves of the
Harmonized CHARLS data:

e Physical and chronic health factors including 6-item ADL scale, receiving any care for
ADLs, 7-item mobility scale, self-reported health levels, ever had arthritis, ever had
asthma, ever had cancer, ever had kidney disease, ever had diabetes, ever had
stomach/digestive disease, ever had dyslipidemia, ever had heart problem, ever had liver
disease, ever had lung disease, ever had psychological problem, ever had stroke, ever
experienced serious traffic accident/injury, number of hospital stays last year, number of
drinks a day, number of cigarettes a day, ever smoked, any vigorous physical exercise (22
total).

e Cognition-related factors including word recall test summary scores, serial 7s test scores,
self-reported memory levels, ever had memory problem (4 total).

e Social economic status factors including personal earnings after tax, whether retired,
receives public and private pension, total household fixed capital assets, total household
consumption, household non-food consumption, total couple individual financial assets,

> For example, I included an indicator of any vigorous exercise, and excluded the frequencies of weekly vigorous
exercise, and indicators for any moderate exercise and light exercise.

6 I excluded participant’s age from the models because age is skewed and imbalanced due to the fact that
participants who were dead got dropped from the surveys automatically. Many machine learning algorithms assume
the predictors are normally distributed or at least symmetric. Skewed predictors violate these assumptions and can
potentially bias the model estimates or lead to poor predictive performance if not handled properly. See

Krawczyk, B. (2016). Learning from imbalanced data: open challenges and future directions. Progress in Artificial
Intelligence, 5(4), 221-232.

, Kuhn, M., & Johnson, K. (2013). Applied predictive modeling (Vol. 26). Springer.
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total household income and capital income, net value of financial transfers, any financial
transfers from and to children, covered by public and private health insurance, doctor
visit total expenditure, hospitalization total expenditure (17 total).

Family and social factors including the number of people living in the household, the
total number of living children, whether co-resides with children, whether lives near
children, ever experienced the death of her own child, the father is alive, the mother is
alive, any weekly contact with children in person and virtually, any participation in social
activities (11 total).

Demographic factors including the number of respondents in the household, and current
living location is rural (2 total).

Original constant variables

The following factors were original constant variables that were consistent across all waves
in the Harmonized CHARLS data:

Individual childhood adversity factors including financial status, health condition, and
whether missed school for more than one month due to health at a young age (3 total).
Family childhood adversity factors including parents had an alcohol and/or drug issue,
good relationship with parents, received female guardian's love, female guardian’s
efforts, and female guardian warmth summary score when growing up (7 total).

Constructed variables

The following factors were constructed using categorical variables from the Harmonized
CHARLS data:

Label (prediction output), constructed using CES-D 10 score in the next wave

Marriage factors, including binary indicators for currently married or partnered and
widowed, constructed using marital status categories (2 total).

Employment factors, including binary indicators for being agricultural employed and
non-agricultural employed, constructed using labor force status categories (2 total).
Education factors, including binary indicators for middle school or above and high school
or above education levels, constructed using education categories (2 total).

Parental education factors, including binary indicators for dad is illiterate and mom is
illiterate, constructed using parental education categories (2 total).

Statistical Analysis

Prediction Model

In this paper, I used six different supervised learning regression algorithms to identify the

primary risk factors of having significant late-life depressive symptoms among rural Chinese
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women. These models were selected to cover a wide range of the nature of the prediction
algorithms. A detailed explanation of the six machine learning models can be found in the Model
Selection section.

In binary classification problems where the dataset comprises continuous labels ranging from
0 to 30, and the objective is to determine if the outcome is greater than or equal to 10, it is
beneficial to first approach the problem as a regression task before applying a threshold to
convert it into a binary classification. The two-step process is advantageous for capturing
underlying trends in the data by initially treating the problem as a regression task, allowing the
model to understand and predict continuous values. This approach provides a more informative
training process, enabling the model to learn from the entire range of continuous values and
leading to a more robust and accurate prediction model, with the flexibility to set thresholds for
binary outcomes based on specific needs. Therefore, treating the problem initially as a regression
task allows for a more detailed and informative modeling process, which can lead to a more
accurate and flexible binary classification based on the chosen threshold. This approach
effectively leverages the continuous nature of the data for a deeper understanding before
categorizing the outcomes into binary classes.

The label (CES-D 10 score in the next wave) used is therefore the individual’s continuous
CES-D 10-item scores from all four waves (instead of the binary indicator for having depressive
symptoms). A threshold of 10 was then implemented on the prediction results.

I used all the potential risk factors (74 factors in total) from waves 1 (N=4,883), wave 2
(N=5,372), and wave 3 (N=5,219) to predict the CES-D 10 depression scores (labels) of waves 2,
3, and 4. In other words, I used the 74 risk factors from wave 1 to predict the CES-D 10
depression scores in waves 2, the 74 risk factors from wave 2 to predict the CES-D 10 depression
scores in waves 3, and the 74 risk factors from wave 3 to predict the CES-D 10 depression scores
in waves 4. Data from each of the consecutive waves were collected 2-3 years apart. The results
presented in the paper combined the prediction results from the three prediction groups (wave 1
to wave 2, wave 2 to wave 3, and wave 3 to wave 4).

Prediction Model Design

CES-D 10 score

in wave 2
.

74 risk factors in
wave 1 [N=4,883]

N=19,424 ) 74 risk factors in
80% training &
L 20% testing | wave 2 [N=5,372]

74 risk factors in
~ | wave 3 [N=5,219]

P ——
CES-D 10 score
in wave 3

- X
CES-D 10 score
in wave 4

111
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Data Pre-Processing

The study sample’ comprised a total of 15,474 data points used for prediction, in which 80%
of the samples were used as the training dataset, and 20% of the samples were used as the testing
dataset. I implemented the five-fold cross-validation® to make effective use of the training dataset
(Bengio & Grandvalet, 2003; Kohavi, 1995). I normalized all the continuous predictors and
converted all categorical predictors into binary bins using the Python standard library.

Processing of Missing Values

The median and mode can be used to impute missing continuous and categorical values
respectively. The median finds the middle value of a sorted list, making it less sensitive to
outliers than the mean. It is often used for skewed distributions where the mean may introduce
bias. The mode is the most frequent value, so is unaffected by the magnitude of outliers, only
their frequency. However, outlier values can become the mode in datasets with high repetition.
The median is generally applied for continuous data since it provides a central tendency. The
model is best for categorical data since categories lack a numeric mean or median. Using the
median and mode aligns with the underlying data types and minimizes the effects of outliers
when filling in missing data (Batista & Monard, 2003; Little & Rubin, 2019; Sterne et al., 2009;
Van der Heijden et al., 2006).

Based on these rules, I filled in missing values of binary variables® and categorical
variables!® using mode values, and continuous variables using median'! values respectively. In
addition to filling in those missing values, I also dropped all variables that are composite scores'?
of multiple items if any of the items were missing. These missing composite scores were also
filled with a mode based on the same rules.

Hyperparameter Tuning

To improve model performance, I adjusted various settings through hyperparameter tuning.
The parameters tested included the number of estimators (100-600), maximum depth (2-15),
learning rate (0.01-0.07), subsample rate (0.4-1.0), column subsampling (0.1-0.5), and gamma
(0.1-0.5). The most effective configuration found was using 500 estimators, a maximum depth of

7 A cross-sectional sample that consists of 4 waves of data.

8 Five-fold cross validation splits the dataset into 5 equal folds or parts. The model is trained on 4 folds and tested
on the held-out fold, this is repeated 5 times so each fold serves as the test set once. The performance of the model is
then averaged across the 5 folds to get a robust estimate of model performance.

® mischlth, vgact, momdrug, daddrug, lifethe, chdeathe, diabe, cancre, lunge, hearte, stroke, psyche, arthre, livere,
kidneye, digeste, asthmae, dyslipe, memrye, smokev

10 finacom, momefi, momatt_c, momgrela, dadgrela, mwarm_c, drinkr_c, slfmem, adlab_c, ser7, hsptimly, higov,
hipriv, momliv, dadliv, lvnear, kent, pubpen, hitcom, mobilsev, shita, cnflm, lowermob, uppermob

420, smokef, totdocIm, tothosly, ftot, atotfa, itearn, ctot, icap, afixc, itot

12 cesd10, mobilsev, adlab_c, mwarm_c
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4, a learning rate of 0.02, a subsample rate of 0.6, a column subsampling of 0.4, and a gamma
value of 0.4.

Model Selection

In the following subsections, I explain each of the machine learning model employed in this
paper as well as their advantages.

Lasso Linear Regression

Lasso linear regression uses L1 regularization to shrink coefficients and perform automatic
feature selection. This results in a sparse, interpretable model that avoids overfitting, handles
high-dimensional data well, and improves prediction accuracy. However, the shrinkage leads to
biased coefficients that may underfit. Also, correlated features can have unstable coefficients.
Lasso linear regression is well-suited for predicting binary outcomes because it performs
automatic feature selection and regularization to reduce overfitting, a key concern with
imbalanced binary prediction problems. By shrinking unimportant coefficients to zero, lasso
regression identifies the strongest predictors out of many candidate variables, ignoring weak or
noisy ones. This results in a sparse, interpretable model that avoids overfitting, even with high-
dimensional data. Although lasso regression introduces some bias, the bias-variance tradeoff
favors significantly reducing variance for binary classification applications (Friedman et al.,
2023; Tibshirani, 1996).

Ridge Linear Regression

Ridge linear regression applies L2 regularization to shrink coefficients and control model
complexity. Key advantages of ridge regression are avoiding overfitting and improving
prediction accuracy by reducing variance through the regularization penalty. It also handles
correlated predictors well by shrinking all coefficients. Disadvantages are that the coefficient
shrinkage introduces bias which may lead to underfitting, and ridge does not perform automatic
feature selection like lasso. Ridge regression is useful for binary outcomes because the
regularization prevents overfitting, especially with class imbalance; shrinking coefficients
improves generalization; it handles correlated predictors common with binary targets; and linear
models like ridge are interpretable (Dobriban & Wager, 2018; Hoerl & Kennard, 1970).

Decision Tree

Decision trees model data as a tree structure by recursively splitting on features that
maximize information gain, building the tree top-down to segment the data. They can handle
both regression and classification predictive tasks. As a flexible machine learning technique,
decision trees can incorporate categorical and continuous predictor variables and capture
nonlinear relationships between risk factors and depression through their hierarchical splits.
Decision trees allow for interpretable visualization without needing data scaling, perform
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embedded feature selection, and handle missing values. By incrementally partitioning raw
heterogeneous data, decision trees can isolate signals related to depression without data
normalization. Their ability to work with diverse data types and model complex nonlinear effects
makes decision trees a good candidate model for understanding and predicting depression
(Safavian & Landgrebe, 1991; Song & Ying, 2015).

Random Forest

Random Forest is an ensemble learning method that constructs multiple decision trees using
random subsets of training data and features, then averages or votes on the tree outputs to make
predictions. Key advantages are resistance to overfitting, ability to handle non-linear
relationships, and applicability to large high-dimensional datasets. Limitations are poorer
performance on data with strong gradients and potentially less accurate predictions than some
other algorithms. Compared to gradient boosting, Random Forest is easier to train, has built-in
feature selection, and handles outliers and nonlinear relationships well. For identifying key
depression risk factors, a Random Forest model can be trained on relevant data, with the mean
decrease in accuracy after permutation of each variable providing a measure of the most
influential predictors (Belgiu & Dragut, 2016; Breiman, 2001; Goldstein et al., 2017).

Gradient Boosting

Gradient Boosting builds an ensemble of decision trees sequentially, with each new tree
trained to correct errors from the previous tree to minimize residual errors. It is a more advanced
version of boosting compared to AdaBoost. Key advantages are the ability to capture complex
data relationships and generally higher prediction accuracy than Random Forest, along with
applicability to both regression and classification. Limitations are susceptibility to overfitting if
too many trees are used, and computational expense requiring careful tuning. Compared to
Random Forest, Gradient Boosting is more prone to overfitting but can learn more complex
relationships. By sequentially focusing on minimizing errors, Gradient Boosting can produce
highly accurate predictions but requires careful parameter tuning to avoid overfitting (Friedman,
2001; Natekin & Knoll, 2013).

XGBoost (Extreme Gradient Boosting)

XGBoost is an optimized implementation of gradient boosting that incorporates additional
regularization and enhancements for improved performance and generalization. It uses a gradient
descent strategy to minimize loss while penalizing model complexity via L1 and L2
regularization terms. Key advantages are better performance than traditional gradient boosting,
reduced overfitting from regularization, efficient parallel processing implementation, and the
ability to handle missing data. Limitations are the need for parameter tuning and the remaining
susceptibility to overfitting without proper configuration. Compared to basic gradient boosting,
XGBoost has faster performance, inbuilt regularization, and supports parallel processing. By
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optimizing and regularizing gradient boosting, XGBoost achieves higher predictive accuracy but
still requires careful tuning to minimize overfitting (Chen & Guestrin, 2016).

For simplicity reasons, I only presented the results from the two best-performing prediction
algorithms - XGBoost Regressor and Ridge Linear Regression models — in the Results section.
XGBoost and Ridge Linear Regression are versatile, regularized, scalable, and generally provide
strong performance, making them well-suited for modeling depression risk factors. They are both
versatile machine learning algorithms that can handle a variety of regression and classification
tasks. This makes them applicable to modeling the complex relationships between risk factors
and depression. They can handle large numbers of features/variables well. Depression likely has
many predictors, so being able to incorporate lots of variables is beneficial. They both regularize
the models to prevent overfitting. This helps ensure the models generalize well to new data.
More importantly, Ridge Linear Regression is particularly useful to mitigate the problem of
multicollinearity in linear regression, which commonly occurs in models with large numbers of
parameters. And XGBoost Regressor is highly effective for predicting numerical outcomes,
particularly in scenarios with complex relationships. The results from the other four models are
presented in Appendix B.

Results

Descriptive Statistics and Analyses

CES-D 10 scores across waves

Figure 2. Distribution of Changes in CES-D 10 Scores Across Waves
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the changes in CES-D 10 scores between wave 3 and wave 4 are shown in green. Some of the lines that mark the
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median, 25" percentile, and 75" percentile values for each set of waves are overlapped.

The average CES-D 10 score for rural women in China has shown a slight, almost negligible
increase in each successive wave. Specifically, the average differences in CES-D 10 scores
between Wave 2 and Wave 1 were 0.17, between Wave 3 and Wave 2 were 0.40, and between
Wave 4 and Wave 3 were 0.95. Furthermore, the changes in CES-D scores between these waves
followed a normal distribution (Figure 2). These observations suggest a relatively stable
depression landscape among this demographic over the surveyed periods, with no notable abrupt
shifts or influences detected. In other words, there were likely no substantial external
environmental factors affecting the overall significant depressive symptom levels in the
population during the survey years. This stability and the normally distributed changes in CES-D
10 scores also support the feasibility of using machine learning methods for predicting
significant depressive symptoms within this demographic. In addition, the distribution of labels
shows a slightly right-skewed distribution of CES-D 10 scores as well as some outliers, which
can be handled using decision-tree based machine learning models (see Figure Al).

Correlational Heat Map and Dimension Reduction Plots

The correlation heatmap analysis of potential risk factors for depression reveals that there are
no significant or strong correlations between any of the identified risk factors (see Figure A2).
This lack of substantial correlation suggests that each potential risk factor operates
independently, and there is little redundancy or multicollinearity among them. As a result, it is
crucial to include all of these potential risk factors in the machine learning model aimed at
predicting significant depressive symptoms. By incorporating each factor separately, the model
can capture their unique contributions and nuances, ensuring a more comprehensive and accurate
prediction of depression risk without overlooking any essential variables.

I also used t-SNE (t-distributed Stochastic Neighbor Embedding) and UMAP (Uniform
Manifold Approximation and Projection) techniques to create plots of potential risk factors for
significant depressive symptoms in order to identify any clusters that may indicate significant
predictors (see Figure A3). Both plots showed little signs of clusters, suggesting minimal
individual risk factors stand out as dominant predictors. Since the visualizations did not reveal
many clusters or outlier risk factors, the full set of potential risk factors should be used to
develop the most accurate prediction model for having significant depressive symptoms.

Accepting some level of collinearity in large datasets during predictive linear regression is
pragmatic, given the inevitability of collinearity in datasets with numerous variables. The
primary focus in predictive linear regression is accurate predictions rather than establishing
causal relationships, and while high collinearity may obscure individual predictor impact, it
doesn't necessarily compromise overall predictive accuracy and can, at times, enhance it by
capturing diverse aspects of the underlying phenomenon. However, it's crucial to monitor the
extent of collinearity: extremely high collinearity can lead to numerical instability and model
overfitting, where the model becomes too tailored to the training data and performs poorly on
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new data. Regularization techniques, like Ridge or Lasso regression, were also applied to
mitigate some issues caused by collinearity, making it more manageable in large-scale predictive
modeling.

Summary and Comparison Table

Table A1 shows the descriptive statistics for all risk factor variables in waves 1, 2, and 3
before they were filled in with mean, median, or mode. The factors were grouped into different
levels based on the SEM and outcome groups. Individual level factors include health factors
(general health factors, chronic health factors, cognition factors, habits factors) and social
economic status factors. Relationship level factors include family and social factors and
childhood adversity factors. Community-level factors include location factors. The mean values
of the group with significant depressive symptoms versus those in the group of people with no
depressive symptoms were significantly different for almost all of the factors.

Prediction Performance

The dummy classifier served as a baseline for comparing all models. Utilizing the 'most
frequent' strategy, which predicts the most prevalent class label in the training data, resulting in
an accuracy of 0.558. Given that this represented the peak accuracy achieved with the dummy
classifier, I adopted it as the benchmark. Consequently, I expect the accuracy of the top-
performing models to surpass this percentage.

The receiver operating characteristic (ROC) curve is a graph that illustrates the performance
of a classification model across all possible classification thresholds (see Figure 3). It plots the
true positive rate against the false positive rate as the threshold for classifying samples is varied.
The area under the ROC curve (AUC) provides a metric for model performance, with a value of
1 indicating perfect classification and 0.5 equivalent to random guessing. In this case, the
XGboost Regressor model has an AUC of 0.702 and the Ridge Regression model has an AUC of
0.703. These AUC values are much higher than 0.5 and surpass the dummy classifier accuracy
scores of 0.558, indicating that both models performing reasonably well, but not exceptionally.
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True Positive Rate

Receiver Operating Characteristic (ROC) Curve for XGBoost Regressc

Figure 3. Predictive Performance - ROC Curves
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True label
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A confusion matrix provides a detailed breakdown of the correct and incorrect predictions
made by a classification model compared to the true target classes. Its two dimensions are the
actual and predicted classes. The matrix tallies true positives, true negatives, false positives and
false negatives. A confusion matrix gives a holistic view of model performance by class,
highlighting classes the model classifies well and where it confuses classes. A large diagonal
from top-left to bottom-right indicates good performance while high false positives/negatives
indicate model weakness in distinguishing certain classes. The XGBoost Regressor model has a
combined true positive rate and true negative rate of 65.6% and the Ridge Linear Regression
model has a combined true positive rate and true negative rate of 64.8% (see Figure 4).

Negative

Figure 4. Predictive Performance - Confusion Matrix
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Note: A large diagonal from top-left to bottom-right indicates good performance while high false positives/negatives

indicate model weakness in distinguishing certain classes.

To further explore the performance of the ML models, the following scatter plots were
created with actual continuous CES-D 10 scores on the x-axis and predicted scores on the y-axis
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(see Figure 5). A perfect 45-degree line would indicate the model predicts CES-D 10 perfectly.
The positive linear trend between true and predicted scores shows the models effectively capture
the relationship between features and targets. The similar spread of predicted scores across actual
scores indicates a homogeneous variance of errors, with no heteroskedasticity. The strong
upward trend and consistent variance across the range of actual scores provide evidence that the
machine learning models have good predictability and are performing well on the current data.

Figure 5. Predictive Performance - Scatter Plots of Continuous CES-D 10 Scores

Scatter Plot of True Values of CESD Score vs predicted CESD Score with XGBoost Regressor
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Importance of Predictors

Figure 6 shows the importance of the predictors in the XGBoost Regressor and Ridge Linear
Regression models. Feature importance measures the overall contribution of each feature to a
machine learning model's predictions. The plots illustrate the feature importance for all potential
risk factors for having significant depressive symptoms based on XGBoost Regressor and Ridge
Linear Regression models. The bars show individual importance, while the curve displays
cumulative importance. For XGBoost Regressor, the top 10 predictors are poor self-reported
health, immobility, receiving care for activities of daily living (ADLSs), poor self-reported
memory, having had arthritis, having difficulties with ADLs, having had stomach disease, poor
early financial status, having had psychological problems, and poor early health status. For Ridge
Linear Regression, the top 10 predictors are poor self-reported health, immobility, poor early
financial status, poor early health status, poor self-reported memory, having had arthritis, having
had stomach disease, having had psychological problems, having difficulties with ADLs, and
receiving care for ADLs.

Figure 6. Feature Importance of Risk Factors for Significant Depressive Symptoms

XGBoost Regressor Feature Importance with Cumulative Percentage

0.175

0.150

0.125

0.100

0.178

Importance

0.075

0.095.

0.050

0.025

0.000

digeste

rafinacom
ied

tr20

rural

ate

itot
radadgrela

momillite:
diabe

shita
troke
oresd
nfim
hipriv

mobilsev
esp
atotfa
abv

rcany
sifmem
arthre
adlab_c
psyche
rahltcom
kentpm
midschoo
memrye
ramomgrela
Kidneye
pubpen
tothosly
tcany
chdeathe
peninc
highschoolaby
dyslipe
agriemployed

w8

mar
hh
totdoclm
hsptimly
radaddrug

nonagriemployed

Features

25



Ridge Linear Regression Feature Importance with Cumulative Percentage
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Note: all potential risk factors are included in the model predictions. Feature importance of individual factors is shown
in the bar, and the cumulative importance is shown by the orange line. Negative feature importance in the Ridge
Linear Regression model graph indicates that factor, such as high cognitive test scores (tr20), is negatively
associated with having significant depressive symptoms.

The top 10 predictors from XGBoost, Ridge Regression, and other 4 ML models'? reveal
several commonalities for factors influencing depression predictions in rural Chinese women
aged 45-75 (see Figures in Appendix B). Poor self-reported health, mobility limitations, poor
early life financial status and health status, having had arthritis, and having difficulties
with or receiving care for ADLs appear as the top predictors for all models'*. This suggests

13 The top 10 predictors from the other four ML models are:

Gradient Boosting Regressor: poor self-reported health, immobility, receiving care for ADLs, poor self-reported
memory, early life health status, early life financial status, ever had arthritis, couple’s total financial assets,
difficulties with ADLs, ever had stomach disease

Random Forest: poor self-reported health, immobility, couple’s total financial assets, total household consumption,
household non-food consumption in last month, total household income, net value of financial transfers, recall
summary score (cognitive test), early life financial status, early life health status

Decision Tree: Receiving care for ADLs, immobility, poor self-reported health, early life health status, early life
financial status, ever had arthritis, ever had heart problem, ever had lung disease, living in rural areas, recall
summary score (cognitive test)

Lasso Linear Regression: poor self-reported health, immobility, early life financial status, early life health status,
poor self-reported memory, ever had arthritis, ever had psychological problem, ever had stomach disease, recall
summary score (cognitive test), difficulties with ADLs

14 A few differences in the top predictors from different ML models emerge and provide insights into each model's
mechanics. XGBoost uniquely identifies receiving care for ADLs and overall ADL difficulties as more important,
likely because its tree-based approach can capture nonlinear interactions and dependencies between predictors.

26



these factors strongly contribute to predicting significant late-life depressive symptoms
consistently across different modeling approaches. In other words, the overlap in major
predictors implies robustness - certain risk factors like poor self-reported health and immobility
have an outsized impact on depression likelihood regardless of the model.

I conducted additional robustness checks by calculating the SHAP values (SHapley Additive
exPlanations) of the predictors of the XGBoost Regressor algorithm and the XGBoost Classifier
algorithm!> (see Figures C1-2). The top predictors are also in alignment with the predictors with
the highest feature importance scores in each of the six models.

Since the study sample contains all available data from waves 1, 2, and 3 (in both training
and testing data), some individuals were counted repetitively in the predictions which can
potentially introduce a level of redundancy and bias to the prediction results. Therefore, I ran all
ML models in each of the 3 sets of prediction groups (wave 1 factors and wave 2 outcome, wave
2 factors and wave 3 outcome, wave 3 factors and wave 4 outcome) separately. The feature
importance of risk factors predicted by the six ML models using the three separate prediction
groups remains highly consistent with the feature importance of risk factors predicted by the six
ML models using the overall study sample, suggesting the high robustness and reliability of the
top risk factors found.

Discussion

In this study, I investigated the prominent risk factors associated with significant depressive
symptoms among middle-aged and elderly rural women in China, utilizing data from the
Harmonized China Health and Retirement Longitudinal Study (CHARLS). A dataset of 15,474
data points was employed. The analysis involved the application of six distinct machine learning
algorithms, with a focus on the XGBoost Regressor and Ridge Linear Regression models as the
best-performing predictors. These models yielded AUC values of 0.702 and 0.703, indicating
reasonably effective performance. The study's key findings revealed that poor self-reported
health, mobility limitations, adverse early life financial and health conditions, a history of
arthritis, and challenges related to ADLs were the top ten predictors influencing depression in
this demographic.

The current study encountered several limitations that impacted the prediction performance
of the six machine learning models employed. Firstly, an age-related bias was noted, as
individuals who have significant depressive symptoms were more likely to be deceased and thus
excluded from the sample. Consequently, age was not incorporated as a predictor in the models,

Meanwhile, Ridge Regression has a more linear view of feature relationships, explaining its omission of ADL care
and difficulties.

151 tested the prediction model using the binary classification algorithm as robustness checks.
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although this omission should not significantly influence the results. Age is presumed to serve as
a proxy for other health-related factors already included in the model.

Secondly, the study grappled with limited data and a small sample size, which inevitably
restricted the prediction power and the scope of the analysis. In addition, data measurement
posed an issue, as many variables, including the CES-D 10 scores measuring significant late-life
depressive symptoms and the primary predictor, health status, relied on self-reported data. This
subjectivity might have introduced variability into the model's predictions.

Lastly, there was a notable gap in capturing certain crucial life variables that could
potentially serve as important risk factors for significant depressive symptoms. Factors such as
location of residence (region), political affiliation, religion, and cultural background, among
others, were not included in the dataset. These unaccounted elements could have added depth to
the analysis and enhanced the predictive accuracy of the models.

The findings of this study align well with previous research that employed machine learning
techniques to identify depression predictors in elderly Chinese populations, despite variations in
datasets and algorithms. Su et al. (2021) used the Chinese Longitudinal Healthy Longevity
Survey (CLHLS) and a combination of long short-term memory (LSTM) and six machine
learning (ML) models, with the logistic regression with lasso regularization model performing
best with an AUC of 0.63. Key predictors included activities of daily living (ADL)/instrumental
ADL, self-rated health, and arthritis. Xin and Ren (2022) utilized the China Family Panel Studies
(CFPS) dataset and the random forest model to predict depression in rural and urban disabled
elderly, achieving good performance with an AUC of 0.71 for the rural population, with self-
rated health status as a significant predictor.

The current study outperformed Su's (2021) ML models and achieved similar performance
levels to Xin and Ren's (2022) models, with an AUC value of 0.70. The current study also
identified similar top predictors for depression, including self-rated health, difficulties with
activities of daily living (ADL), and having had arthritis, aligning closely with the findings of the
other two studies. However, one distinguishing factor was that marital status emerged as the top
predictor in Su's (2021) study but not in the current one. Additionally, some top predictors found
in Xin and Ren's (2022) study, such as trust in people or trust in the future, were unique variables
from the China Family Panel Studies (CFPS) dataset and were not available in the CHARLS
dataset used in the current research. Furthermore, the current study incorporated early life factors
such as early life financial status and health status, variables that had not been explored in the
two prior studies. These early life factors were found to be pivotal predictors of significant
depressive symptoms among middle-aged and elderly rural women in China.

It is worth noticing that education did not appear as a top predictor for late-life depression,
which can result from the fact that it is closely intertwined with a large amount of risk factors,
including physical health and early life factors. In Essay 2 and Essay 3, I give an in-depth
examination of the relationship between education and late-life depression as well as the impact
of education on late-life depression among rural Chinese women.
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Appendix A. Additional Descriptive Analyses

Figure A1. Distribution of CES-D 10 Scores in Waves 2, 3, and 4
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Figure A2. Correlation Heatmap
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Figure A3. Dimension Reduction Plots
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Note: t-SNE and UMAP are both nonlinear dimensionality reduction techniques that can be used to identify any
clusters that may indicate significant predictors. The visualizations showed litter clear clusters, suggesting minimal
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Table A1. Descriptive Statistics by Status of Depression
All sample (waves 1-3) Depressed (CESD>=10) Not Depressed Difference
(CESD<10)
Level Factor Variable N mean (sd) min max N mean (sd) N mean (sd) p_value
Self-report of health alt 15250  2.06 (0.94) 6806 2.32(0.9) 8444 1.84 (0.92) 0.00
7 item mobility 14617  1.49 (1.58) 6547 1.94 (1.7) 8070 1.13(1.37) 0.00
Some Diff-6 item ADL 15162  0.35(0.91) 6829 0.52 (1.09) 8333 0.21(0.69) 0.00
health - | Scale
general )
health receives any care for 4392 0.64(048) O 1 2629 0.65(0.48) 1763 0.63 (0.48) 0.07
factors adls/iadls
ever experienced 15274 0.09(0.29) O 1 6832 0.1 (0.31) 8442 0.08 (0.27) 0.00
serious traffic
accident/injury
# hosp stays last year 15403 0.16(0.57) O 16 6868 0.22 (0.67) 8535 0.12 (0.47) 0.00
ever had arthritis 14774 0.43(0.49) 0 1 6622 0.53 (0.5) 8152 0.34 (0.47) 0.00
ever had asthma 14747 0.04(0.19) O 1 6615 0.05(0.22) 8132 0.03 (0.16) 0.00
individual ever had cancer 14726 0.01(0.11) O 1 6598 0.01(0.12) 8128 0.01 (0.11) 0.25
ndividua
level ever had diabetes 14625 0.08(0.26) O 1 6552 0.09 (0.29) 8073 0.06 (0.24) 0.00
ever had dyslipidemia 14371  0.13(0.33) O 1 6426 0.14 (0.35) 7945 0.11(0.32) 0.00
health ever had heart problem 14702 0.15(0.35) O 1 6573 0.19(0.39) 8129 0.11(0.32) 0.00
ealth -
chronic | ever had kidney 14698 0.07(0.25) O 1 6590 0.09 (0.29) 8108 0.05(0.22) 0.00
health disease
factors | ever had liver disease 14681  0.04 (0.2) 0 1 6573 0.05(0.22) 8108 0.03 (0.18) 0.00
ever had lung disease 14741 0.09(0.28) O 1 6603 0.11(0.32) 8138 0.07 (0.25) 0.00
ever had psych 14740 0.02 (0.13) 1 6617 0.03 (0.16) 8123 0.01(0.1) 0.00
problem
ever had 14758 0.3 (0.46) 0 1 6628 0.37 (0.48) 8130 0.25(0.43) 0.00
stomach/digestive
disease
ever had stroke 14791 0.02 (0.14) 1 6641 0.03 (0.17) 8150 0.01 (0.12) 0.00
health - | # cigarettes/day 15084 0.5 (3.11) 0 60 6718 0.55(3.21) 8366 0.46 (3.02) 0.10
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habits | any vigorous physical 6709 0.36(0.48) O 1 2985 0.39(0.49) 3724 035 0.00
factors activity or exercise at
least (0~48)
range of # drinks/day 15278  0.16 (0.47) 4 6825 0.16 (0.47) 8453 0.16 (0.46) 0.46
smoke ever 15417  0.08 (0.27) 6883 0.09 (0.29) 8534 0.07 (0.26) 0.00
ever had memory 14743  0.01(0.11) 1 6611 0.02 (0.14) 8132 0.01 (0.08) 0.00
problem
health - | ' serial 7s 12703 321 (167) O 5 5529 3.03 (1.7) 7174 3.35(1.63) 0.00
cognition
factors
recall summary score 13969  6.93 (3.39) 20 6227 6.53 (3.27) 7742 7.25(3.46) 0.00
Self-reported memory 14933  3.24 (0.8) 4 6679 3.4 (0.73) 8254 3.11(0.83) 0.00
middle school or above 15474  0.04 (0.19) 6905 0.03 (0.17) 8569 0.05 (0.21) 0.00
education
high schoolor above 15474 0 (0.05) 0 1 6905 0 (0.04) 8569 0 (0.06) 0.05
education
any transfer from 14912 0.63(048) O 1 6659 0.66 (0.47) 8253 0.6 (0.49) 0.00
children/grandchildren
any transfer to 14925 0.35(048) O 1 6668 0.34 (0.47) 8257 0.36 (0.48) 0.02
children/grandchildren
cover by private health 14934  0.02(0.13) 0 1 6690 0.01(0.12) 8244 0.02 (0.14) 0.03
ins
social cover by public health 14953 0.94(0.23) O 1 6698 0.94 (0.24) 8255 0.95(0.22) 0.04
economic | insurance
status doctor visit total 15160 209.04 0 80000 6743 269.26 8417 160.79 0.00
factors expenditure last month (1771.74) (2095.45) (1459.9)
earnings after tax 15301 1588.71 -2720 220000 6828 1024.76 8473 2043.16 0.00
(6041.5) (4419.22) (7050.98)
HHold fixed capital 15115 6099.02 0 4000000 6760 4535.46 8355 7364.09 0.01
assets (66799.27) (63789.91) (69116.24)
HHold non-food 13571  349.62 0 43300 6072 335.23 7499 361.27 0.02
consumption, last (626.55) (746.1) (509.37)
month
HHold total capital 8142 21027.2 - 1826700 3774 17306.25 4368 2424214  0.00
income (50862.05) 1781800 (45795.67) (54665.64)
HHold total household 9450 6836.54 - 1641000 4415 5822.2 5035 7725.98 0.01
income (37955.4) 1785000 (36136.32) (39463.7)
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hospitalization total 15240 907.48 0 200000 6760 1174.64 8480 694.51 0.00
expenditure last year (5701.68) (6292.4) (5173.28)
net value of financial 13175  23.69 -685000 842000 5845 510.43 7330 -364.44 0.03
transfers (22310.38) (15222.3) (26638.55)
r+s total individual 12385 8394 - 6970015 5558 -4750.09 6827 5389.92 0.00
financial assets (109321.98) 1999800 (130500.97) (88158.65)
receives private 15400 0.01(0.1) 0 1 6874 0.01 (0.09) 8526 0.01 (0.11) 0.00
pension
receives public pension 15400 0.26 (0.44) O 1 6875 0.28 (0.45) 8525 0.25(0.43) 0.00
total household 11435  30158.7 0 2133400 5068 29011.84 6367 31071.58  0.02
consumption (48346.84) (51385.01) (45768.22)
agriculturally employed 15474  0.52 (0.5) 1 6905 0.54 (0.5) 8569 0.5 (0.5) 0.00
non agriculturally 15474  0.18 (0.39) 1 6905 0.15(0.36) 8569 0.2 (0.4) 0.00
employed
whether retired 15290 0.27(0.44) O 1 6825 0.28 (0.45) 8465 0.26 (0.44) 0.02
# respondents in 15474 1.87(0.34) 1 2 6905 1.85(0.36) 8569 1.89 (0.31) 0.00
household
any child co-reside 15321  0.59 (0.49) 1 6833 0.58 (0.49) 8488 0.59 (0.49) 0.22
any weekly contact w/ 15238  0.91(0.28) 1 6809 0.9 (0.3) 8429 0.93 (0.26) 0.00
children in person
any weekly contact w/ 15236 0.78(042) O 1 6809 0.76 (0.43) 8427 0.79 (0.41) 0.00
children in
person/phone/email
any weekly contact w/ 11709 057(049) O 1 5471 0.55 (0.5) 6238 0.6 (0.49) 0.00
family children-phone/email
Relationship | and | ever experienced death 15427  01(0.3) 0 1 6882 0.13(0.34) 8545 0.08 (0.27) 0.00
eve fzc():?cl)?s of own child

father alive 15373 0.17(0.37) O 1 6860 0.15(0.36) 8513 0.18 (0.38) 0.00
mother alive 15378 0.29(045) O 1 6865 0.27 (0.44) 8513 0.3(0.46) 0.00
live near children 15235 0.89(0.32) O 1 6789 0.88 (0.32) 8446 0.89 (0.31) 0.21
number of living 15474 2.67(1.27) O 10 6905 2.77 (1.3) 8569 2.59(1.23) 0.00
children
number of people living 15474  3.59 (1.7) 1 16 6905 3.56 (1.7) 8569 3.63 (1.71) 0.01
in this household
participate in social 15007 0.47 (0.5) 0 1 6710 0.44 (0.5) 8297 0.5 (0.5) 0.00
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married

widowed

15474
15474

0.9 (0.31)
0.1(0.3)

o O

6905
6905

0.87 (0.33)
0.12 (0.33)

8569
8569

0.92 (0.28)
0.08 (0.27)

0.00
0.00

childhood
adversity
factors

financial status
compared to avg family
in same area before
age 17

health condition
compared to other
children of same age
before age 16

missed school for 1+
mo due to health
before age 16

female guardian had
an alcohol and/or drug
issue

male guardian had an
alcohol and/or drug
issue

good relationship with
female guardian when
growing up

good relationship with
male guardian when
growing up

mom is illiterate

dad is illiterate

female guardian put
effort into watching
overr

female guardian
warmth summary mean
score

received female
guardian's love and
affection when growing
up

14519

14500

9997

13795

14107

14110

13746

15474

15474

14023

13919

14028

2.55 (0.96)

1.68 (1.03)

0.04 (0.2)

0.06 (0.24)

0.01 (0.09)

1.15 (1.09)

1.23 (1.1)

0.89 (0.32)

0.6 (0.49)

0.73 (0.96)

1.76 (0.68)

0.65 (0.99)

6468

6467

4292

6111

6273

6269

6082

6905

6905

6239

6198

6240

2.69 (0.98)

1.85 (1.04)

0.06 (0.23)

0.07 (0.25)

0.01 (0.09)

1.22 (1.12)

1.3 (1.12)

0.9 (0.3)

0.63 (0.48)

0.76 (0.99)

1.79(0.7)

0.68 (1.01)

8051

8033

5705

7684

7834

7841

7664

8569

8569

7784

7721

7788

2.44 (0.93)

1.55 (1)

0.03 (0.17)

0.06 (0.23)

0.01(0.08)

1.1 (1.06)

1.17 (1.07)

0.88 (0.33)

0.58 (0.49)

0.71 (0.94)

1.73 (0.66)

0.63 (0.97)

0.00

0.00

0.00

0.00

0.34

0.00

0.00

0.00

0.00

0.00

0.00

0.01

Community
Level

location
factors

lives in rural or urban

15474

0.75 (0.44)

6905

0.78 (0.41)

8569

0.72 (0.45)

0.00
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Appendix B. Additional Prediction Results of Other ML Models

Lasso Linear Regression

Figure B1. Predictive Performance - ROC Curves

Receiver Operating Characteristic (ROC) Curve for Lasso Linear Regress
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Figure B2. Predictive Performance - Confusion Matrix
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Figure B3. Predictive Performance - Scatter Plots of Continuous CES-D 10 Scores
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Figure
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Decision Tree

Figure B5. Predictive Performance - ROC Curves
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Figure B6. Predictive Performance - Confusion Matrix
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Figure B7. Predictive Performance - Scatter Plots of Continuous CES-D 10 Scores

43.73, R*2=0.07

Scatter Plot of True Values of CESD Score vs predicted CESD Score with Decision Tree
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Figure B8. Feature Importance of Risk Factors for Depression

Decision Tree Feature Importance with Cumulative Percentage
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Random Forest

Figure B9. Predictive Performance - ROC Curves

Receiver Operating Characteristic (ROC) Curve for Random Forest Regre
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Figure B10. Predictive Performance - Confusion Matrix
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Scatter Plot of True Values of CESD Score vs predicted CESD Score with Random Forest Regressor
MSE

Figure B11. Predictive Performance - Scatter Plots of Continuous CES-D 10 Scores
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Gradient Boosting Regressor

Figure B13. Predictive Performance - ROC Curves
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Figure B14. Predictive Performance - Confusion Matrix
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Figure B15. Predictive Performance - Scatter Plots of Continuous CES-D 10 Scores

Scatter Plot of True Values of CESD Score vs predicted CESD Score with Gradient Boosting Regressor
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Appendix C. Additional Feature Importance — SHAP Values

Figure C1. SHAP Values of XGBoost Regressor

SHAP Summary Plot for XGBoost Regressor High
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Figure C2. SHAP Values of XGBoost Classifier
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Appendix D: CES-D 10 Questionnaire [English and Chinese]

Q1 | was bothered by things that don’t usually bother me FE—L/NEEMIRIN,

1. Rarely or none of the time {R/DERBERARIZHE (<1day X)

2. Some or a little of the time /<K% (1-2 days X)

3. Occasionally or a moderate amount of the time BRIELEZ "B —EAIAHE (3-4 days
x)

4. Most or all of the time AXZ#AIATE] (5-7 days K)

8. DK A&

9. RF fE4fA[E]E

Q2 | had trouble keeping my mind on what | was doing Fx{EMEEATREE TS .

1. Rarely or none of the time fRZ\DEFIREANRE (<1 day X)

2. Some or a little of the time /<K% (1-2 days X)

3. Occasionally or a moderate amount of the time BRI EE HB—3AIATE] (3-4 days
x)

4. Most or all of the time AZEHAIATE] (5-7 days K)

8. DK AAIE

9. RF fE4a[EIE

Q3 | felt depressed FRAEIBFELE.

1. Rarely or none of the time fRZDEAZFRAEE (<1 day X)

2. Some or a little of the time /<K% (1-2 days X)

3. Occasionally or a moderate amount of the time BhteERE—Fa9aTE (3-4 days
x)

4. Most or all of the time XZEBYATE] (5-7 days K)

8. DK AFE

9. RF fE48[E[E

Q4 | felt everything | did was an effort E TS A= EBIEZEE,

1. Rarely or none of the time fR/DEEIREANEE (<1 day X)

2. Some or a little of the time &~KZ (1-2 days X)

3. Occasionally or a moderate amount of the time BRI EL & IWE—3FAIBTE (3-4 days
x)
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4. Most or all of the time AXZ#AIATE] (5-7 days K)
8. DK RAE
9. RF {E4EEIZ

Q5 | felt hopeful about the future FITFRF T H % £,

1. Rarely or none of the time {R/DERBERARIZH (<1day X)

2. Some or a little of the time A~KZ (1-2 days X)

3. Occasionally or a moderate amount of the time BREE IRB—FHIAFE (3-4 days
x)

4. Most or all of the time AXZ#AIATE] (5-7 days K)

8. DK AX0iE
9. RF $E4A[EZ

Q6 | felt fearful FBEIEIA.

1. Rarely or none of the time {R/DEREIEARZHE (<1day X)

2. Some or a little of the time /<K% (1-2 days X)

3. Occasionally or a moderate amount of the time BRIEEIRBE—FAIATE (3-4 days
x)

4. Most or all of the time AZEMAIATE] (5-7 days K)

8. DK A&

9. RF $E4B[EE

Q7 My sleep was restless FkHIREIRAGF .

1. Rarely or none of the time fR/\DERBIEANZE (<1 day X)

2. Some or a little of the time /<K% (1-2 days X)

3. Occasionally or a moderate amount of the time BteERE—Fa9aTE (3-4 days
x)

4. Most or all of the time KXZEBYATE] (5-7 days K)

8. DK AAIE

9. RF$E4EE1E

Q8! was happy EARMBIR.

1. Rarely or none of the time fR.DEEIREANEHE (<1day X)

2. Some or a little of the time <K% (1-2 days X)

3. Occasionally or a moderate amount of the time BRI EE IRBE—3AIEFE (3-4 days
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x)

4. Most or all of the time AZ#AIATE] (5-7 days K)
8. DK REMi&E

9. RF 35482

Q9 | felt lonely FeREFTIH,

1. Rarely or none of the time fR.DEFBIEANKE (<1day X)

2. Some or a little of the time A~KZ (1-2 days X)

3. Occasionally or a moderate amount of the time BATEREHE—EMATE] (3-4 days
x)

4. Most or all of the time AXZ#IAYATIE] (5-7 days K)

8. DK ANKIIE

9. RF E4B[EE

Q10 | could not get "going” FIAGF I EZMETRAIETE,

1. Rarely or none of the time fRZ\DEFREANZE (<1 day X)

2. Some or a little of the time /<K% (1-2 days X)

3. Occasionally or a moderate amount of the time Bl E nE—FA9ATE (3-4 days
x)

4. Most or all of the time KZEBYATE] (5-7 days K)

8. DK ARAE

9. RF {E48[EIZ

59



Chapter 2. The Education Gradient in Late-life Depression of
Rural Women in China

Introduction

The cumulative benefits of education throughout one's lifetime have a lasting influence on
health and well-being, and can affect depression through various socioeconomic pathways
(Cohen et al., 2020; Mirowsky, 2017). Lower education levels may result in a shortage of
economic and social resources for addressing depression, while simultaneously influencing
socioeconomic status and increasing the likelihood of depression for those ranking lower in the
social hierarchy based on educational attainment (Aartsen et al., 2017; Scott et al., 2014).
Education can also provide access to mentally stimulating jobs, positively affecting mental well-
being (Mirowsky, 2017).

Studies on different populations around the world found that educational attainment was a
strong predictor of late-life depression (Ladin, 2008; Yang, 2007). In addition, many studies
have found a significant educational gradient in late-life depression - people with lower levels of
education are more likely to experience depression later in life than those with higher levels of
education (Cohen et al., 2020; Graeber, 2017; Hansen et al., 2017; Huang et al., 2010; Patria,
2022).

Far less work has examined education gradients in depression in the Chinese context. Some
past studies on determinants of late-life depression in China have found negative associations
between education level and significant depressive symptoms, suggesting potential protective
effects of education (Chen et al., 2012; Chen et al., 2020; Cheng et al., 2023; Gao et al.; Lei et
al., 2014; H. Li et al., 2022; Luo et al., 2018; Qiao et al., 2023; L. Zhang et al., 2012; Zhang et
al., 2021; Zhou et al., 2014; Zhou et al., 2013). A few studies on elderly Chinese have also
demonstrated a negative gradient between education and depression risk (Li & Zhao, 2021; Luo
et al., 2016; Xu et al., 2023). However, the effect of education on depression has not been
investigated specifically among rural Chinese women, a highly vulnerable group for depression
in later life stages.

This study aims to help fill this critical gap in the literature by specifically examining
education gradients in depression among rural Chinese women in their middle and late life
stages. This study addressed the following research questions:

1. What is the education gradient in late-life depression of rural women in China?

2. How does the education gradient differ by the rural women’s early life factors and

urbanization status?

To our best knowledge, this is the first study that studies the education gradient in late-life
depression of the Chinese rural women population.
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Literature Review

Education Gradients in Depression

Studies consistently show that higher education levels are associated with a reduced risk of
depression and may have a protective effect on mental health. This association has been found in
various countries including England (Amin et al., 2023; Avendano et al., 2017; Avendano et al.,
2020; Courtin et al., 2019; Feinstein, 2002), Finland (Johansson et al., 2009), Netherlands (de
Graaf et al., 2012; Demange et al., 2023), Germany (Kamhofer et al., 2019; Kroh & Prechsl,
2023), Norway (Dalgard et al., 2007), other European countries (Cheval et al., 2023; Hansen et
al., 2017; Ladin, 2008; Sironi, 2012), Australia (Powdthavee et al., 2013; Sperandei et al., 2023),
the United States (Bauldry, 2015; Cohen et al., 2020; Murrell et al., 2003), and around the world
(Andrade et al., 2003; Bromet et al., 2011; Compton & Shim, 2015; Graeber, 2017; Huang et al.,
2010; Lorant et al., 2003).

Much less work has been done in China. Some past studies and meta-analyses looking at the
determinants of late-life depression in the Chinese population also found a negative relationship
between education level and the likelihood of having significant depressive symptoms and the
protective effect of education (Chen et al., 2012; Chen et al., 2020; Cheng et al., 2023; Gao et al.;
Lei et al., 2014; H. Li et al., 2022; Luo et al., 2018; Qiao et al., 2023; L. Zhang et al., 2012;
Zhang et al., 2021; Zhou et al., 2014; Zhou et al., 2013). A few studies that focus on Chinese
women found that women with higher education levels had lower rates of major depressive
disorder (Gan et al., 2012; Shi et al., 2014).

Other studies that specifically examined the relationship between education and depression in
the Chinese elderly population have also found a negative educational gradient on depression (Li
& Zhao, 2021; Luo et al., 2016; Xu et al., 2023). Similar results are also found in rural elderly
residents in China. Pei et al. (2020) found that education was negatively associated with
significant depressive symptoms among older adults in rural China (Pei et al., 2020). Yang
(2020) demonstrates that individuals with lower levels of education are more likely to experience
poorer mental health, including higher levels of depressive symptoms, anxiety, and
psychological distress (Y. Yang et al., 2020).

However, no studies have looked into the education gradient in depression of the most
vulnerable populations in terms of mental health among the Chinese population — the rural
women.

Unique Characteristics of Rural Women in China

Individuals with lower socioeconomic status (SES) other than education during childhood
and adolescence and adverse childhood experiences (ACE) have consistently been found to have
a higher risk and rates of clinical depression in adulthood and old age compared to those who do
not (Adhvaryu et al., 2019; Almond et al., 2018; Angelini et al., 2019; Peele, 2020; Pino et al.,
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2018). In line with results seen more generally, research done in China also shows a strong link
between low early life socioeconomic position and an elevated risk of depression later in life in
the Chinese population (Jin et al., 2023; J. Li et al., 2022; Li & Lu, 2019; Shen, 2021; Shen &
Hannum, 2023; Tian et al., 2019; L. Yang et al., 2020; Zheng et al., 2021). In China, middle-
aged and elderly rural women may have had very low SES and experienced various kinds of
ACEs during their childhood and adolescence.

Past studies have also indicated that the rural residents who migrated to urban areas can be
critically different from those who did not migrate in their education, health, and mental health
(Deng et al., 2023; Guo et al., 2017; Hu et al., 2019; Zhang et al., 2023). The rural-to-urban
migration can indicate a hukou change (updated hukou status from rural hukou to urban hukou),
a living location change (moved from a rural location to an urban location later in life), or a
combination of both. Additional evidence has shown that living locations (urban vs. rural) can
also have strong associations with depression (Liu et al., 2022; Zhang et al., 2021).

Based on these findings from the literature, I also conducted heterogeneous analyses of other
early life factors (including early life SES and ACEs) and urbanization status to examine the
potential variations among rural women based on migration status.

Approach

Data

The primary data source I use is the Harmonized China Health and Retirement Longitudinal
Study (CHARLS) dataset. I also transformed the Harmonized CHARLS panel dataset (unique at
the individual level) into a cross-sectional dataset (unique at the individual-wave level). More
details on the dataset can be found in the Data section in Chapter 1.

I also used the 2014 CHARLS Life History Survey data to supplement the Harmonized
CHARLS dataset. The life history sample includes all live respondents in the first two waves
(longitudinal sample), all refreshed samples'® from wave 1, and some non-response samples in
the first two waves. This sample includes 20,543 individuals in 12,248 households.

The rural indicator I used in this study to select the rural women population is based on their
rural origin or individual’s first hukou status’’. The reason for using one’s first hukou status

16 1f the selected person was between age 40 and 44, they were reserved as a refreshment sample. The second wave
was conducted between July 2013 and January 2014 and included a refreshment sample consisting of individuals
aged between 43 and 44 at Wave 1 and their partners. Wahrendorf, M., Deindl, C., Phillips, D., & Lee, J. (2019).
Harmonized CHARLS Life History Documentation.

17 hukoutype is merged from the 2014 CHARLS Life History Survey - Demographic Backgrounds dataset.
Respondents are categorized as rural if their answer to hukoutype is “Agricultural Hukou” (code of 1). The Chinese
hukou system is a household registration system that was introduced in 1958 as a way to monitor and control the
movement of people within the country. Hukou is closely tied to one's place of birth or family origin, and it has
historically created a divide between urban and rural residents in terms of opportunities and benefits.
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instead of the current hukou status is that the latter does not include women who had a rural
origin but changed hukou status later in their lives (see Tables A1 and A2). Past studies have
highlighted how changing hukou status from rural to urban areas can have a strong influence on
rural residents’ mental health (Deng et al., 2023; Guo et al., 2017; Hong & Luo, 2022; Zhang et
al., 2022). Therefore, it is critical to include these women who originally had a rural hukou as
rural residents for the current study.

In this paper, I included 26,173'® women of rural origin, aged 45-75 years old, and had no
missing CES-D 10 scores'® or missing education levels®.

The summary statistics of the outcome variable, key explanatory variable, control variables,
and heterogeneous analysis variables can be found in Table C1.

Outcomes

The main outcome of the study is whether the survey participant self-reports significant
depressive symptoms. They are measured with the Center for Epidemiologic Studies Depression
Scale (CES-D 10) (Radloff, 1977). The CES-D 10 is a brief self-report screening tool used to
assess the severity of depressive symptoms in individuals aged 18 years and above. It consists of
10 items that ask about the presence and frequency of depressive symptoms experienced in the
past week, such as feeling sad, restless, and having difficulty sleeping. Each item is rated on a 4-
point scale, ranging from 0 (rarely or none of the time) to 3 (most or all the time). The total
summed score can range from 0 to 30, with higher scores indicating greater severity of
depressive symptoms. The CES-D 10 has been shown to be a reliable and valid measure of
depression in various populations (including older Chinese) and settings (Andresen et al., 1994;
Baron et al., 2017; Boey, 1999; Chen & Mui, 2014; Gonzalez et al., 2017; Miller et al., 2008;
Resseguier et al., 2013; W. Zhang et al., 2012), making it a useful tool for clinicians and
researchers to quickly screen for significant depressive symptoms. I only included the full CES-
D 10 scores with no missing items in my analysis.

My main outcome of interest is an indicator variable for whether someone has significant
depressive symptoms, which is defined as having a score of 10 or higher on the CES-D 10 test
(Andresen et al., 1994; W. Zhang et al., 2012). A recent study testing the CES-D 10 instrument
validity using CHARLS data suggests that a cut-off point of 10 should be used for detecting
significant depressive symptoms in the Chinese population (Fu et al., 2022). The full CES-10
questionnaire can be found in Appendix D of Chapter 1.

18 A cross-sectional sample that consists of 4 waves of data. Some respondents are missing data on different control
variables, and are excluded in the two adjusted model regressions. Therefore, the sample sizes for the two adjusted
models are smaller.

19 Respondent’s r4cesd10m value is larger than or equal to 1.

20 Data on raeduc_c was missing.
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Key Explanatory Variable

The key explanatory variable is the respondent’s education level. I created a categorical
variable indicating five levels of educational attainment based on the highest level of education
that the respondent has received?’: illiterate??; unfinished elementary school or private
homeschooling??; elementary school?*; middle school?’; and high school or above?®.

Control Variables

Based on the findings from Essay 1, I included the top 5 predictors?’ for having significant

depressive symptoms as control variables in Model 2. These five variables are:

e Self-reported general health status®®.

e 7-item summary of any difficulty with mobility activities?’, including walking 100m,
climbing several flights of stairs, getting up from a chair, stooping or kneeling or
crouching, extending arms up, lifting 5kg, and picking up a small coin.

e Early life health status®, respondent’s health condition compared to other children of the
same age before age 16.

e 6-item summary on Activities of Daily Living (ADLs)*!, including bathing, dressing,
eating, getting in/out of bed, using the toilet, and controlling urination.

e Ever had arthritis2.

I collected 38 factors that have been reported as having strong correlations with depression,
and conducted correlational analysis between these factors and the outcome. Based on results

2! rgeduc_c has 10 categories and identifies the highest level of education that the respondent has attained.

22 Respondent’s answer to raeduc_c is “No Formal Education (Illiterate)”” (code of 1).

23 Respondent’s answer to raeduc_c is “Did Not Finish Primary School but can Read” (code of 2) or “Sishu (Private
Tutoring)” (code of 3).

24 Respondent’s answer to raeduc_c is “Elementary School” (code of 4).
2 Respondent’s answer to raeduc_c is “Middle School” (code of 5).
26 Respondent’s answer to raeduc_c is “High School” (code of 6) or all degrees above (codes 7-10).

%7 See Essay 1 Results section for details. Excluded early life financial status as a control variable because this factor
is used for heterogeneous analysis in this study.

28 pwshlta uses a scale ranging from 1 for “Very Good” to 5 for “Very Poor”.

29 rwmobilsev sums 7 binary indicators and ranges from 0-7.

30 rahitcom uses a scale ranging from 1 for “Much healthier” to 5 “Much less healthy”.

31 rwadlab_c sums 6 binary indicators and ranges from 0-6.

32 rwarthre indicates whether or not a doctor has told the respondent they had ever had arthritis. A code of 0

indicates that the respondent does not report having been told by a doctor they have the condition. A code of 1
indicates that the respondent reports having been told by a doctor they have the condition. An affirmative report can
either be based on a report in the current wave or based on a respondent’s previous report of the condition after
confirming in the current wave.
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from single-variate and multi-variate logistic regressions (see Tables B1 and B2), I also selected
the top 5 variables that have the highest associations with having significant depressive
symptoms. I included these 5 control variables in the Model 3:

e Poor self-reported general health status®, constructed based on respondent’s self-reported

general health status.

e Having any ADL item?**, constructed based on a 6-item summary of ADLs.

e Poor self-reported memory*, constructed based on respondent’s self-report of memory.

e Not married or partnered*®, constructed based on the respondent’s marital status.

e Ever experienced the death of her own child®’.

The basic personal characteristics controlled for in both of the adjusted models (Models 2
and 3) include:

e Respondent’s age.

e Respondent’s age-squared?.

e Number of survey waves participated*’.

e Survey year®,

Heterogeneous Analyses Variables
To perform a heterogeneous analysis of early life factors and urbanization status, I created
the following variables for different population subgroups:
e Poor early life financial status*!, constructed based on the respondent's self-rated family
financial situation before age 17 compared to the average family in the same
community/village.

3 Respondent’s answer for rwshlita is “Poor” (scale of 4) or “Very Poor” (scale of 5).
34 Respondent’s answer for rwadlab_c is equal to or larger than 1.
35 Respondent’s answer for rwslfimem is “Poor” (scale of 5).

36 Respondent’s answer for rwmstat is “Divorced” (code of 5), “Widowed” (code of 7), or “Has never been married”
(code of 8). The majority of the respondents in this group are widowed.

37 Respondent’s answer for rwchdeathe equals to 1, indicating that the respondent reports that at least one of her
children has passed away.

B A quadratic term of rwagey.
A respondent can participate in at least 1 survey and at most 4 surveys.
40 The four waves of surveys were conducted in 2011, 2013, 2015, and 2018 respectively.

41 Respondent’s answer for rafinacom is “Somewhat worse off than them” (scale of 4) or “A lot worse off than
them” (scale of 5). rafinacom uses a scale ranging from 1 for "A lot better off than them" to 5 for "A lot worse off
than them".
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e Poor relationships with dad as a child*?, constructed based on respondent’s self-rated
relationship with their male guardian while they were growing up.

e Dad is a farmer®, constructed based on the respondent's father's occupation before the
respondent was age 17.

e Dad is illiterate*, constructed based on the highest level of education completed by the
respondent's father.

e Urbanization status, constructed based on the respondent’s first hukou type, change of
hukou status throughout life*’, current hukou type*®, and current living location®’.
In this paper, I define the change of hukou status if a rural woman satisfies one of the
following: 1) first hukou was rural hukou but ever changed to urban hukou in age 16-80
(harmonized life history data); 2) first hukou was rural hukou but then had a new hukou
type (life history demographics data); 3) first hukou was rural hukou but changed to
urban hukou when got married (life history demographics data); 4) first hukou was rural
hukou but currently have urban hukou (harmonized CHARLS data). When a woman is
missing data on first hukou status, I made the following assumptions: 1) first hukou status
is rural if the current hukou status is rural; 2) has changed hukou status to urban if the
current hukou status is urban. I define living in urban areas as: first hukou was rural
hukou but currently living in urban areas (harmonized CHARLS data).
Based on these definitions, I created this three-category urbanization status indicator that
includes all these possible scenarios:

42 Respondent’s answer for radadgrela is “Fair” (scale of 4) or “Poor” (scale of 5). All male guardians are assumed
to be the dads of the respondents. radadgrela uses a scale ranging from 1 for "Excellent" to 5 for "Poor".

= Respondent’s answer to radadoccup _c is “Farming” (code of 1). All male guardians are assumed to be the dads of
the respondents. radadoccup _c is assigned 1 if farming was the father's occupation. radadoccup c is assigned 2 if
non-agricultural employment was the father's occupation.

44 Respondent’s answer to rafeduc_c is “No Formal Education (Illiterate)” (code of 1). All male guardians are
assumed to be the dads of the respondents. rafeduc _c has the same codes as the respondent’s education level
raeduc_c.

45 hkstate is merged from Harmonized CHARLS Life History dataset and shows respondent’s state of hukou type at
age 15-80. k004 is merged from the 2014 CHARLS Life History Survey - Demographic Backgrounds dataset and
shows the new hukou type of the respondent if hukou type has changed. p005fis merged from the 2014 CHARLS
Life History Survey - Demographic Backgrounds dataset and shows the new hukou type of the respondent if the
respondent got married to a spouse who had urban hukou and thus changed the hukou type. Respondents are
categorized as have changed their hukou status if had rural origin (hukoutype=1) and had answers for hkstate, hk004,
or p005f as “Non-agricultural Hukou” (code of 2) or “Unified Residence Hukou” (code of 3) at any time point in
their lives.

46 Respondents are categorized as currently holding rural hukou if the answer to rwrural2 is “Rural hukou” (code of
1). rwrural? identifies the respondent’s living region by self-reported Hukou status.

47 Respondents are categorized as currently living in rural areas if the answer to Awrural is “Rural Village” (code of
1). hwrural indicates the household living region defined by National Bureau of Statistics of the People's Republic
of China.
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o Stayed rural (code of 1) indicates that the respondent has a rural origin, still has a
rural hukou, and is still living in rural areas.

o Semi urbanized (code of 2) indicates that the respondent has a rural origin, but has
either changed her hukou status to urban but is still living in rural areas, or still
has a rural hukou but is currently living in urban areas.

o Fully urbanized (code of 3) indicates that the respondent has a rural origin, has
changed her hukou status to urban, and is currently living in urban areas.

Empirical Specification

I used logistic regression to look at the unadjusted and adjusted education gradient in
significant late-life depressive symptoms of rural women aged 45-75 years old:

Di=a+Y; BE;+ X6+ Ry + ZW + e (1)

D; is the main mental health outcome of the study — significant late-life depressive
symptoms. It is a binary indicator for whether an individual has significant late-life depressive
symptoms (having a CES-D 10-item score equal to or larger than 10). E; represents the key
explanatory variable - the five categories for the highest educational attainment. The illiterate
group was used as the baseline for the comparison.

X, represents a vector of control variables, including individual’s age, a quadratic term of
individual’s age, and the number of times each survey respondent participated in the survey
(total number of surveys participated). Z; is a survey year fixed effect, which controls for year-
specific events that happened during each of the survey years. e; is the error term. The standard
errors are clustered at the community level*s.

R, represents two separate groups of top potential risk factors produced from Essay 1 and
correlational analysis results*. Ry includes self-reported general health status, 7-item summary
of any difficulty with mobility activities, early life health status, 6-item summary on Activities of
Daily Living (ADLs), and ever had arthritis. R, poor self-reported general health status, having
any ADL item, poor self-reported memory, constructed based on respondent’s self-report of
memory, not married or partnered, and ever experienced the death of her own child.

For the main regression of the education gradient, I ran three variations of equation (1) for
each of the regressions (see Tablel):

Model 1 (unadjusted): does not include any control variables (X; or R},) or fixed effect (Z;).

48 CommunityID is a 7-digit character identifier that identifies which community each household

belonged to. Other location data, including region, province, or city, is not available in the dataset.

49 See Control Variables section under Approach chapter for details.
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Model 2 (adjusted 1): includes basic control variables (X; ) and the first set of top potential
risk factors (R1)>9, and fixed effect (Z;).

Model 3 (adjusted 2): includes basic control variables (X; ) and the second set of top potential
risk factors (R)>1, and fixed effect (Z;).

I also conducted heterogeneous analyses by including other early life factors (poor early life
financial status, poor relationships with dad, dad is a farmer, dad is illiterate) and urbanization
status (stayed rural, semi urbanized, and fully urbanized) into the regression model:

Di=a+Y; BE;+H +3BE;*H; + X;6+ YR, + Z,W + ¢; ?2)

H; is the early life factor or the urbanization status, and E; * H; is the interaction term
between each education levels and these factors. I only controlled for the second set of top risk
factors R, for heterogeneous analyses regressions (see Tables 2 and 3).

Results

Figure 1 shows the distribution of education levels within each of the four populations. We
can clearly see the sex and rural-urban disparity in education: as high as 37% of rural women are
illiterate, compared to rural men (10%), urban women (6%), and urban men (2%).

Figure 1. Distribution of Education Levels Among 45-75 years Olds, by Rural Origin and Sex

rural women 36.9% 19.4% 23.0% 15.3% 5.4%
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urban women 5.8% 19.09 30.6Y% 38.29
4 d . % Middle school
2.3% High school and above
urban men  [RRL VAN 30.5% 40.0%
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Note: percentages of the subgroup population with different highest levels of education are reported. The subgroups
are divided by rural origin and sex.

30 The first set of risk factors include self-reported general health status, 7-item summary of any difficulty with
mobility activities, 6-item summary on ADLs, ever had arthritis, and self-report of memory.

3! The second set of risk factors include poor self-reported general health status, having any ADL item, poor self-
reported memory, not married or partnered, and ever experienced the death of her own child.
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Figure 2 shows the descriptive statistics of the percent of having significant depressive
symptoms of the four groups of the population. We observe the sex, rural-urban, and educational
disparity in late-life depression within each of the education levels: rural women had the highest
level of late-life depression compared to rural men, urban women, and urban men across all
education groups. Rural women who are illiterate or have some elementary school have the
highest level of significant late-life depressive symptoms (48%) among all groups, more than
three times higher than the level of significant late-life depressive symptoms of urban men with
high school and above education (15%). In addition, within each of the population groups, the
percentage of having significant late-life depressive symptoms tends to decrease as the education
level increases.

Figure 2. Percent of 45-75 Years Olds Having Significant Depressive Symptoms Within Each
Education Level, by Rural Origin and Sex
60%
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Note: percentages of the subgroup population with different highest levels of education are reported. The subgroups
are divided by rural origin and sex.

Figures 1-2 illustrate striking disparities in education, with a substantial portion of rural
women being illiterate, far exceeding the rates in other groups. This educational divide is closely
linked to significant depressive symptoms, as rural women with lower educational attainment,

particularly illiteracy and some elementary school education, have significantly higher levels of
significant late-life depressive symptoms.

Education Gradient in Depression of Chinese Rural Women

Using three different logistic regression models, I found a negative education gradient in
depression among rural middle-aged and elderly women in China, which is in alignment with
findings from the previous literature. Table 1 shows the odds ratio of education levels from
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different regression models. The unadjusted model illustrates the raw education gradient in
depression, while the adjusted models controlled for the top risk factors for depression (two
different sets), age and age squared, the number of waves individuals participated in the
CHARLS survey, and the survey year fixed effects.

The odds ratios decline and become statistically more significant as education levels rise,
indicating that rural middle-aged and elderly women with higher education levels are less likely
to have significant late-life depressive symptoms, according to all three models. More
specifically, on average, a rural woman who completed high school had 39%-50% lower odds>?
of having significant late-life depressive symptoms compared to a rural woman who is illiterate,
after controlling for the top risk factors for depression and other variables. Rural women who
completed middle school had an average of 17%-28% lower odds>? of having significant late-life
depressive symptoms than illiterate rural women, after controlling for the top risk factors for
depression and other variables.

Since the coefficient estimates from adjusted models (Models 2 and 3) are similar, I only
controlled the second set of top risk factors™ to preserve a bigger sample size and produce more
conservative estimates in the following regression analyses.

Table 1. Raw and Adjusted Education Gradient in Depression of Rural Chinese Women Aged 45—

75
Model 1 Model 2 Model 3
Unadjusted Adjusted Adjusted
depressed (CES-D 10-item score>=10)
edu level: some elementary school 1.003 0.983 1.099
(0.0500) (0.0519) (0.0573)
edu level: elementary school 0.696*** 0.832** 0.906
(0.0350) (0.0471) (0.0490)
edu level: middle school 0.598*** 0.716** 0.828**
(0.0343) (0.0449) (0.0498)
edu level: high school and above 0.406*** 0.504** 0.607**
(0.0371) (0.0492) (0.0542)
age 1.083* 1.109***
(0.0368) (0.0341)
age-quadratic 0.999** 0.999**
(0.000288) (0.000261)
wave = 2 0.777*** 0.823**
(0.0356) (0.0358)
wave = 3 0.885** 0.903*
(0.0408) (0.0385)
wave = 4 1.034 1.099*
(0.0512) (0.0497)

32 See the coefficients on “edu level: high school and above” from Model 2 and Model 3.
33 See the coefficients on “edu level: middle school” from Model 2 and Model 3.

>4 These 5 control variables are all binary variables constructed by the author. These 5 variables contain less missing
data compared with the other set of control variables. See Data — Control Variables section for details.
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number of survey waves participated 1.005 1.003

(0.0316) (0.0228)
health: self-reported general health status 1.679***
(0.0373)
health: 7-item summary of difficulty with 1.315**
mobility activities
(0.0181)
childhood: health condition compared to 1.179**
other children
(0.0221)
health: ever had arthritis 1.247**
(0.0506)
health: 6-item summary of ADLs 1.260***
(0.0319)
health: poor self-reported health 2.847**
(0.101)
health: has any difficulty with ADLs 2.638**
(0.101)
cognition: poor self-reported memory 2.068***
(0.0680)
family: widowed or divorced 1.565***
(0.0820)
family: experienced death of own children 1.490***
(0.0872)
Constant 0.921 0.00893*** 0.0243***
(0.0391) (0.00872) (0.0215)
Observations 26,173 22,189 25,668

Robust seeform in parentheses
*** p<0.001, ** p<0.01, * p<0.05

Note: odds ratios are reported. The illiterate group was used as the baseline for the comparison.

Figure 3 shows the predicted probability of having significant depressive symptoms for each
of the education levels®. The graphic also shows the negative education gradient in depression.
For older rural women who were illiterate or had never attended school as well as those who had
completed some primary education, the average estimated likelihood of late-life depression is
above 45% after controlling for the top risk factors for depression and other variables. For those
who had elementary school degrees, the average predicted probability of having significant late-
life depressive symptoms is 42%, and for those who had middle school degrees, the rate is 40%,
after controlling for the top risk factors for depression and other variables. Among older rural
women with a high school diploma or higher, the average estimated probability of late-life
depression is lower than 35%, which is the lowest among all the education groups despite its
high level.

In addition, the predicted probabilities of late-life depression in the high school and middle
school groups significantly differ from the probabilities of the illiterate and some elementary

>3 margins command (Stata) was used to produce the predicted probabilities.
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school groups>®. These findings suggest that better-educated rural women were less likely to
have significant late-life depressive symptoms, although there are no stark differences between
those who are illiterate and those who have some elementary school, and between those who
have elementary school degrees and those who have middle school degrees”’.

Figure 3. Predicted Probabilities of Having Significant Depressive Symptoms by Education Levels

Predicted Probabilities of Being Depressed

™

T T T T T
No school Some elem. school Elementary school Middle school High schoc
Education Levels

Note: Predicted probabilities of having significant depressive symptoms in rural women with different education levels
are presented in the plot. The probabilities were predicted using the Stata margins command based on results from
Equation (1) (adjusted Model 3). The bars around the point estimates show 95% confidence intervals. Robust
standard errors are clustered at the community level.

Heterogenous Analysis: How do early life factors play a role?

To examine the heterogeneous effect of other early life factors, I looked at the differences
between subgroups by their early life socioeconomic status, their dad's occupation, their dad's
education level, and their relationships with their dads during childhood and adolescence. Table
2 shows results of Equation (2).

Coefficient estimates on early life factors and their interaction terms with each of the
education levels reveal the heterogeneous effect of other early life SES and ACEs. Among the
four factors, financially worse-off than other families tend to have the overall strongest influence
on significant late-life depressive symptoms. Additionally, after taking into account early life
factors and their interactions with education levels, the protective effect of having a higher level
of education, particularly for those with high school and above degrees, grew stronger>®.

36 Results from chi2 tests show that the differences between coefficients are statistically significant (p-values <
0.01).

37 Results from chi2 tests show that the differences between these groups are not statistically significant.

38 See coefficients on “edu level: high school and above”.
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Table 2. Adjusted Education Gradient in Depression of Rural Chinese Women Aged 45-75, by
Early Life Factors

financially bad dadis a dad is
worse-off relationship farmer illiterate
with dad
depressed (CES-D 10-item score>=10)
edu level: some elementary school 1.022 1.033 0.923 1.211*
(0.0697) (0.0643) (0.145) (0.105)
edu level: elementary school 0.893 0.875* 0.822 0.898
(0.0598) (0.0555) (0.115) (0.0750)
edu level: middle school 0.847* 0.790** 0.737* 0.862
(0.0650) (0.0546) (0.106) (0.0735)
edu level: high school and above 0.575*** 0.591** 0.390** 0.550**
(0.0645) (0.0623) (0.0769) (0.0674)
early life factors (financially worse-off, 1.326*** 1.097 0.972 1.119
bad relationship with dad, dad is a
farmer, or dad is illiterate)
(0.0805) (0.0845) (0.102) (0.0743)
some elementary school#early life factors ~ 1.073 1.112 1.156 0.859
(0.108) (0.141) (0.187) (0.0885)
elementary school#early life factors 1.048 1.266 1.135 1.039
(0.106) (0.157) (0.162) (0.104)
middle school#early life factors 0.922 1.157 1.138 0.970
(0.107) (0.179) (0.170) (0.104)
high school and above#early life factors 1.216 0.970 1.765** 1.316
(0.203) (0.228) (0.378) (0.218)
age 1.093** 1.087* 1.095** 1.104**
(0.0355) (0.0361) (0.0361) (0.0340)
age-quadratic 0.999** 0.999** 0.999** 0.999**
(0.000275) (0.000282) (0.000280) (0.000262)
wave = 2 0.804** 0.805** 0.804** 0.825***
(0.0354) (0.0360) (0.0360) (0.0360)
wave = 3 0.898* 0.895* 0.890** 0.911*
(0.0391) (0.0388) (0.0390) (0.0390)
wave = 4 1.093 1.085 1.071 1.112*
(0.0517) (0.0517) (0.0505) (0.0503)
number of survey waves participated 1.026 1.042 1.030 1.002
(0.0289) (0.0299) (0.0293) (0.0236)
health: poor self-reported health 2.813** 2.839*** 2.858*** 2.840***
(0.102) (0.105) (0.105) (0.101)
health: has any difficulty with ADLs 2.613*** 2.638*** 2.627** 2.637**
(0.108) (0.114) (0.115) (0.102)
cognition: poor self-reported memory 2.030*** 2.072%* 2.072%* 2.061***
(0.0689) (0.0740) (0.0729) (0.0691)
family: widowed or divorced 1.562*** 1.592*** 1.594*** 1.574**
(0.0832) (0.0876) (0.0879) (0.0827)
family: experienced death of own children ~ 1.453*** 1.505*** 1.493*** 1.487**
(0.0895) (0.0939) (0.0930) (0.0869)
Constant 0.0311** 0.0372*** 0.0333*** 0.0267***
(0.0289) (0.0354) (0.0318) (0.0237)
Observations 23,709 22,456 22,573 25,240

Robust seeform in parentheses

*** p<0.001, ** p<0.01, * p<0.05
Note: odds ratios are reported. The illiterate group and the stayed at rural group were omitted from the regression
and used as the baseline for the comparison.
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Figure 4 presents the predicted probabilities of having significant depressive symptoms
by education level and each of the four early life factors. In the upper left graph, we can see that
rural women who experienced financial hardship during childhood were associated with a
markedly higher likelihood of late-life depression compared to those whose families were better
off financially, regardless of educational attainment levels®. Importantly, the average estimated
likelihood of late-life depression is almost 50% for rural women with some elementary education
and who had financial hardship during childhood, after controlling for the top risk factors for
depression and other variables. Comparatively, only 42% rural women with some elementary
education and who did not experience financial hardship in early life have significant late-life
depressive symptoms. The estimated likelihood of late-life depression is the lowest for the high
school no financial hardship group: only 31% of those rural women are estimated to have
significant late-life depressive symptoms.

For those with elementary school degrees, the probability of having significant depressive
symptoms among rural women who had bad relationships with their dads is significantly higher
than that among those who had good relationships with their dads® (see upper right graph).
Among rural women with high school or higher education, the probability of late-life depression
was slightly greater if their fathers were farmers rather than non-farmers®! (see lower left graph).
Additionally, for high school graduates, having an illiterate father was linked to higher
depression likelihood versus having a literate dad®? (see lower right graph).

In summary, heterogeneous analysis results suggest that adverse early life socioeconomic
circumstances involving family finances, relationships with dad, and dad's occupation/literacy
were associated with elevated vulnerability to depression in rural women'’s later life stages across
education levels. But financial conditions appeared most salient for less educated rural women,
while dad's literacy and farming status were more relevant for more highly educated rural
women.

39 Results from chi2 tests show that the differences between coefficients are statistically significant for all education
levels (p-values < 0.01).

60 Results from chi2 tests show that the differences between coefficients are statistically significant (p-values <
0.001).

61 Results from chi2 tests show that the differences between coefficients are statistically significant (p-values <
0.05).

62 Results from chi2 tests show that the differences between coefficients are statistically significant (p-values <
0.01).
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Figure 4. Predicted Probabilities of Having Significant Depressive Symptoms by Education Levels
and Early Life Factors

Note: Predicted probabilities of having significant depressive symptoms in rural women with different education levels
and early life factors are presented in the plot. The big gaps between the blue bars and the red bars imply large
differences in the probabilities of having significant depressive symptoms based on early life factors. The probabilities
were predicted using the Stata margins command based on results from Equation (2) (adjusted Model 3). The bars
around the point estimates show 95% confidence intervals. Robust standard errors are clustered at the community
level.

Heterogenous Analysis: How does urbanization status play a role?

As explained in the Data section, rural-to-urban migration includes two kinds of changes:
change of hukou or change of living location. The reasons for these two kinds of migration can
be totally different. For example, a hukou change can happen throughout the life course, and can
result from getting a job in a company located in urban areas, graduating from a university in a
city, marrying a spouse that has an urban hukou, etc. On the other hand, a living location change
can be temporal, and does not require a hukou change. A common reason for a living location
change can be moving to urban areas to help children take care of their children, or to live with
families that live in urban areas. Therefore, it is important to distinguish and understand the
differences among the rural women who have different urbanization status.

Table 3 shows the logistic regression results accounting for urbanization status and their
interactions with each of the education levels. It can be seen from the results that fully urbanized
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rural women have lower odds of having significant depressive symptoms compared to rural
women who stayed at rural. In addition, results from regression also show that better-educated
rural women were less likely to have significant late-life depressive symptoms, regardless of
their urbanization status.

Table 3. Adjusted Education Gradient in Depression of Rural Chinese Women Aged 45-75, by
Urbanizing Status

Urbanization

status
depressed (CES-D 10-item score>=10)
edu level: some elementary school 1.166*
(0.0732)
edu level: elementary school 0.927
(0.0622)
edu level: middle school 0.867
(0.0657)
edu level: high school and above 0.723*
(0.0994)
semi urbanized 0.883
(0.0810)
fully urbanized 0.751*
(0.103)
some elementary school#semi urbanized 0.958
(0.107)
some elementary school#fully urbanized 0.731
(0.139)
elementary school#semi urbanized 1.049
(0.117)
elementary school#fully urbanized 0.995
(0.158)
middle school#semi urbanized 1.066
(0.135)
middle school#fully urbanized 0.959
(0.165)
high school and above#semi urbanized 0.932
(0.207)
high school and above#fully urbanized 0.870
(0.201)
age 1.116***
(0.0347)
age-quadratic 0.999**
(0.000263)
wave = 2 0.821***
(0.0358)
wave = 3 0.898*
(0.0385)
wave = 4 1.086
(0.0497)
number of survey waves participated 0.989
(0.0227)
health: poor self-reported health 2.829***
(0.102)
health: has any difficulty with ADLs 2.619***
(0.101)
cognition: poor self-reported memory 2.043**
(0.0672)
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family: widowed or divorced 1.581***

(0.0835)
family: experienced death of own children 1.466***

(0.0858)
Constant 0.0210***

(0.0187)
Observations 25,668

Robust seeform in parentheses
*** p<0.001, ** p<0.01, * p<0.05

Note: odds ratios are reported. The illiterate group and the stayed rural group are used as the baseline for
comparison.

Average predicted probabilities in Figure 5 better demonstrate how depressive symptoms of
rural women who stayed in rural areas are much more prevalent than those who were urbanized.
For rural women with all education levels, the probability of having significant depressive
symptoms among those who stayed at rural is significantly higher than the probability of having
significant depressive symptoms among those who were semi urbanized and fully urbanized®®,
especially for those women who have some elementary school education. Semi urbanized rural
women also experience a higher likelihood of having significant depressive symptoms compared
to fully urbanized rural women. The average estimated likelihood of late-life depression is 51%
for stayed-at-rural women with some elementary education, while only 34% for fully urbanized
women with some elementary education, after controlling for the top risk factors for depression
and other variables.

Although the differences between the stayed at rural women and the semi urbanized women
who have middle school or high school education levels are not evident, and the difference
between the semi urbanized and fully urbanized women who are illiterate is small®*, all other
statistically significant coefficients imply that the likelihood of having significant depressive
symptoms grew smaller as rural women became more urbanized.

63 Results from chi2 tests show that the differences between coefficients are statistically significant (p-values <
0.01).

64 Results from chi2 tests show that the differences between coefficients are not statistically significant (p-values >
0.05).
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Figure 5. Predicted Probabilities of Having Significant Depressive Symptoms by Education Levels
and Urbanization Status
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Note: Predicted probabilities of having significant depressive symptoms in rural women with different education levels
and urbanization status are presented in the plot. The big gaps between the lower green bars (fully urbanized rural
women) and the higher blue bars (stayed at rural women) imply large differences in the probabilities of having
significant depressive symptoms based on urbanization status. The probabilities were predicted using the Stata
margins command based on results from Equation (2) (adjusted Model 3). The bars around the point estimates show
95% confidence intervals. Robust standard errors are clustered at the community level.

Discussion

In conclusion, this study finds a significant negative education gradient in depression, with
higher education levels associated with lower depression risk. Specifically, rural women with
middle school or high school education could have up to 50% lower chance of experiencing
significant late-life depressive symptoms compared to those who were illiterate. Predicted
probabilities show that those with lower education levels, such as illiterate or some elementary
education, faced a higher likelihood of late-life depression, exceeding 45%. Conversely, middle
and high school-educated women had lower probabilities of late-life depression, with the
highest-educated group exhibiting the lowest rate below 35%.

Results from heterogeneous analyses also indicate that beyond just education level, a broader
index of early life socioeconomic disadvantage - encompassing financial hardship, dad's
occupational and literacy status - is associated with a far greater risk for depression after maturity
and into old age. Adverse childhood experiences, such as having a difficult relationship with
one's dad, may also increase the risk of developing depression in later life. The complex
interplay of being female, rural upbringing, and exposure to multiple dimensions of
socioeconomic stress (financial, familial, educational) and adverse childhood experiences early
in life renders rural Chinese women particularly vulnerable to struggling with depression through
middle age and as senior citizens. However, it is interesting that similar effects were not found
on moms, which suggests that moms' occupational and literacy status, as well as their
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relationships with their daughters, are not associated with their daughters' depressive symptoms
in later life. More analyses need to be conducted to understand how differently moms and dads
affect their rural daughter's mental health in middle and late life stages.

Results from heterogeneous analyses also suggest that middle-aged and elderly Chinese
women who had a rural origin and did not migrate to urban areas have significantly higher rates
of late-life depression compared to their counterparts who urbanized. This finding suggests that
the rural women who have migrated to urban areas can be fundamentally different®® from those
who stayed at rural. It is thus important to examine the two groups separately, with a focus on the
higher risk group of stay at rural women. It can also suggest that the process of urbanization may
help alleviate depression risk in this demographic through several potential pathways.
Transitioning to city environments can provide greater economic opportunities, access to
healthcare resources, improved infrastructure and living standards, and broader social networks -
all of which can enhance the quality of life and reduce stressors linked to depression. However,
self-selection effects cannot be ruled out, as inherent traits like ambition or grit could make some
women more likely to both urbanize and have lower eventual depression levels. More research
controlling for migration selectivity is needed.

This study has several limitations that should be considered. First, approximately 14% of the
data (N=4,404) had to be dropped due to missing responses on the 10-item CES-D scale®®.
Additionally, different control variables and variables used in heterogeneous analyses have
different percentages of missing data. While no significant differences were found between the
study sample and those with missing data, this may have affected the accuracy and precision of
the results. Second, the CES-D-10 as a self-reported screening tool may not provide clinically
definitive diagnoses of depression. Richer data would allow for more robust conclusions
regarding clinical levels of depressive disorders. Furthermore, the composition of stayed-at-rural
versus urbanized groups may be more complex than presented. For example, some stayed-at-
rural women may have worked or lived in cities before returning to rural hometowns. Data was
unavailable on the status of these returned migrants. Finally, this study utilized correlational
analysis which does not confirm causal relationships.

In Essay 3, I employed causal inference methods in an attempt to delineate the potential
causal impacts of education on late-life depression among rural Chinese women.

65 For example, rural women who stayed at rural have more children, less income and earnings, are more likely to
work in agriculture and receive a public pension, and are less likely to be widowed or divorced compared to rural
women who are fully urbanized. These differences are all statistically significant.

66 Rural women aged 45-75 who have one or more missing 10 CES-D 10 items were dropped.
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Appendix A.

Table A1. The first hukou status vs. the current hukou status and living location

Current status

Has rural origin (first hukou was rural)

Current hukou status

Current hukou is urban

2,842

Current hukou is rural 21,957
Current living location |Currently living in urban areas 8,740
Currently living in rural areas 17,433

Note: 1374 women of rural origin have missing or no current hukou status.

Table A2. The hukou status change vs. current living location

Hukou status change

Currently living in rural
areas

Currently living in urban
areas

urban

Has rural origin (first No change 16,693 5,647

hukou was rural) Changed from rural to 740 3,093
urban

Current hukou is rural  [No change 15,901 5,313
Changed from rural to 437 485
urban

Current hukou is urban |No change 0 0
Changed from rural to 418 5716
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Appendix B.

Table B1. Single-variate Logistic Regression Results®’

Odds
Factors ratio p-value
health: poor self-reported health 4164569 0.00
health: has any difficulty with ADL 3.827581  0.00
cognition: poor self-reported memory 2.816192  0.00
SES: receives no private pension 1.917145 0.00
childhood: not as healthy as other children 1.89369 0.00
family: experienced death of own children 1.791339  0.00
cognition: poor total word recall score (<=6) 1.722454  0.00
family: widowed or divorced 1.699722 0.00
SES: household durable assets in bottom tertile 1.685945  0.00
SES: earnings after tax in bottom tertile 1.628607  0.00
childhood: financially worse-off than other families 1.621766  0.00
health: difficulty with mobility activities (7-item summary) 1.59302 0.00
staying in rural areas 1.5665242  0.00
cognition: poor serial 7s score (<=3) 1.542337  0.00
still kept rural hukou 1.563923 0.00
family: no weekly contact w/s children in person/phone/email 1.422832 0.00
childhood: mother is illiterate 1.405245 0.00
edu level: illiterate 1.38517 0.00
habit: smokes now 1.371146  0.00
childhood: bad relationship with female guardian 1.329211 0.00
health: any chronic disease (hypertension, diabetes, or cancer) 1.318468 0.00
childhood: bad relationship with male guardian 1.306549  0.00
childhood: father is illiterate 1.297091  0.00
edu level: some elementary school 1.293278  0.00
family: participated in no social activities in the past month 1.277086  0.00
SES: work in agriculture 1.237815  0.00
childhood: female guardian didn't watch 1.165738  0.00
family: number of total children 1.155486  0.00
childhood: no love from female guardian 1.127293  0.01
family: co-resides with no children 1.093945  0.01
SES: not working 1.06893 0.08
age 1.019541  0.00
habit: drinks daily 0.97163 0.53

67 0dds ratios from single-variate logistic regression of each of the 38 factors on the binary indicator for having
significant depressive symptoms are reported. No other variables were included in the regressions. Standard errors
are clustered at the community level. Odds ratios are ranked from the largest to the smallest. The top 5 factors with
the largest odds ratios from both the single-variate and multi-variate logistic regressions (see Table B2) are selected
(highlighted).
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family: size of household 0.966155  0.00

born during The Great Famine (1959-1961) 0.946406  0.40
SES: receives no public pension 0.854024 0.00
edu level: elementary school 0.81516 0.00
edu level: middle school 0.694183  0.00

Table B2. Multi-variate Logistic Regression Results®®

VARIABLES odds ratio

depressed (CES-D 10-item score>=10)

edu level: illiterate 1.088
(0.117)
edu level: some elementary school 1.314**
(0.143)
edu level: elementary school 1.288**
(0.133)
edu level: middle school 1.247**
(0.129)
SES: household durable assets in bottom tertile 1.234***
(0.0544)
SES: earnings after tax in bottom tertile 1.163**
(0.0783)
SES: work in agriculture 1.042
(0.0743)
SES: not working 0.843*
(0.0607)
SES: receives no public pension 1.062
(0.0564)
SES: receives no private pension 1.041
(0.105)
health: has any difficulty with ADLs 1.480**
(0.0914)
health: difficulty with mobility activities 1.361***
(0.0240)
health: any chronic disease (hypertension, diabetes, or cancer) 0.933
(0.0416)
health: poor self-reported health 2171%*
(0.105)
habit: drinks daily 1.124*
(0.0650)
habit: smokes now 1.166
(0.113)
cognition: poor total word recall score (<=6) 1.311%**
(0.0565)
cognition: poor serial 7s score (<=3) 1.188***
(0.0510)
cognition: poor self-reported memory 1.922***
(0.0811)
family: widowed or divorced 1.683***

68 Odds ratios from multi-variate logistic regression which include all of the 38 factors (regressed on the binary
indicator for having significant depressive symptoms) are reported. No other variables were included in the
regressions. Standard errors are clustered at the community level. The top 5 factors with the largest odds ratios from
both the single-variate (see Table B1) and multi-variate logistic regressions are selected (highlighted).

91



family: nu

mber of total children

family: experienced death of own children

family: size of household

family: co-resides with no children

family: participated in no social activities in the past month

family: no weekly contact w/s children in person/phone/email

childhood

childhood:

childhood:

childhood:

childhood:

childhood:

childhood:

childhood

: financially worse-off than other families
not as healthy as other children

mom didn't watch

no love from mom

bad relationship with mom

bad relationship with dad

mom is illiterate

: dad is illiterate

born during The Great Famine (1959-1961)

urbanizing status = 2, semi urbanized

urbanizing status = 3, fully urbanized

age

age-quadratic

Constant

Observations

(0.119)
1.051**
(0.0223)
1.301%
(0.107)
0.981
(0.0133)
0.909*
(0.0463)
1.099**
(0.0451)
1.135
(0.0908)
1.250%*
(0.0585)
1.357%*
(0.0859)
1.049
(0.0582)
1.063
(0.0617)
1.154*
(0.0929)
1.123
(0.0861)
0.914
(0.0666)
1.027
(0.0467)
0.958
(0.0758)
0.985
(0.0640)
0.828**
(0.0703)
1.130%**
(0.0479)
0.999***
(0.000367)
0.00534**
(0.00653)

15,029

Robust seeform in parentheses
Hkk p<001, *k p<005, * p<01
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Appendix C.

Table C1. Summary statistics of variables

Variable N Mean SD Min Max
outcome
variable depressed (CES-D 10-item score>=10) 26173 0.43 0.49 0 1
edu level: 1-5 26173 2.33 1.26 1 5
edu level: illiterate 26173 0.37 0.48 0 1
Z%Ianatory edu level: some elementary school 26173 0.19 0.4 0 1
variable edu level: elementary school 26173 0.23 0.42 0 1
edu level: middle school 26173 0.15 0.36 0 1
edu level: high school and above 26173 0.05 0.23 0 1
age 26173 57.74 8.05 45 75
age-quadratic 26173 3398.4 947.98 2025 5625
wave 26173 2.54 1.1 1 4
number of survey waves participated 26173 3.57 0.74 1 4
health: self-reported general health status 26159 3.04 0.96 1 5
health: 7-item summary of difficulty with
mobility activities 25089 1.56 1.62 0 7
control childhood: health condition compared to
variables other children 24107 2.67 1.03 1 5
health: ever had arthritis 25056 0.43 0.5 0 1
health: 6-item summary of ADLs 25768 0.37 0.94 0 6
health: poor self-reported health 26159 0.28 0.45 0 1
health: has any difficulty with ADLs 25749 0.19 0.4 0 1
cognition: poor self-reported memory 26150 0.4 0.49 0 1
family: widowed or divorced 26173 0.12 0.32 0 1
family: experienced death of own children 26115 0.11 0.31 0 1
childhood: financially worse-off than other 24146 0.39 0.49 0 1
heterogenous  childhood: bad relationship with dad 22873 0.18 0.38 0 1
analyses childhood: dad is a farmer 22990 0.86 0.35 0 1
variables childhood: dad is illiterate 25723 057 0.49 0 1
urbanizing status 26173 1.48 0.7 1 3
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Chapter 3. The Long-term Impact of Education on Late-life
Depression among Rural Women in China

Introduction

While research on the positive relationship between education and health is abundant, limited
research has been focused on mental health outcomes. As an important component of
noneconomic welfare, mental health is a growing priority among policymakers, as indicated by
its inclusion in the United Nations' Sustainable Development Goals (SDG). Observational
studies studying mental health are limited, and mostly find a positive relationship between
education and mental health and show several ways through which education may benefit mental
health (Cheval et al., 2023; Compton & Shim, 2015; Hansen et al., 2017; Huang et al., 2010;
Ladin, 2008).

Evidence from more recent literature studying causal effects is, however, more mixed. While
some studies find that education has positive causal impacts on the mental health measures
examined (Amin et al., 2023; Chevalier & Feinstein, 2006; Demange et al., 2023; Feinstein,
2002; Jiang et al., 2020; Kondirolli & Sunder, 2022; Sironi, 2012), other studies find negative
causal effects (Avendano et al., 2017; Courtin et al., 2019) or do not find any effects of
education on health (Avendano et al., 2020; Dahmann & Schnitzlein, 2019; Johansson et al.,
2009; Kamhofer et al., 2019; Kuuppelomiki, 2023; Viinikainen et al., 2018). In addition, most of
these few existing studies that used credible estimation strategies to examine the causal impact of
education on mental health focus on developed countries. Evidence for low and middle-income
developing countries from regions like Asia is scarce.

The lack of causal evidence on long-term effects is partially due to a lack of high-quality data
as well as the difficulty of randomizing education and following up with individuals over several
decades. A natural experiment is therefore needed to study this question. To our knowledge,
there is only one study that specifically explored the causal effect of education on the mental
health of the Chinese population (Jiang et al., 2020). This study finds evidence for the significant
protective effects of educational attainment on mental health by utilizing China’s compulsory
schooling law of 1986 as a source of exogenous variation in schooling. However, it only uses
survey data from 2010 and examines a much younger population, who may be too young to
show the long-term effects of education on mental health. The authors did find that the positive
effects of education on mental health are more profound for females and individuals from rural
areas, which is the high-risk subgroup focused on in my study.

In this paper, I used the sudden end of the Chinese Cultural Revolution of 1976 as an
exogenous shock on rural Chinese women’s education attainment, and employed a Fuzzy
Regression Discontinuity Design (Fuzzy RDD) to examine the impact of improved educational
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attainment on late-life depression of rural Chinese women. Past studies that examined the long-
term impact of education during the Cultural Revolution focused mostly on social economic and
physical health outcomes (Chen et al., 2020; Giles et al., 2019; Li & Meng, 2022; Meng &
Gregory, 2007; Meng & Gregory, 2002; Wu, 2016; Zhong, 2016; Zhou, 2014), and none of the
studies looked into mental health outcomes. In addition, no studies have ever exploited the end
of the Cultural Revolution as the mechanism for causal identification. The current study fills in
the gap in the literature by exploring the long-term causal effect of education on the mental
health outcomes of middle-aged and elderly rural women in China.
In this paper, I address the following research questions:
1. What is the long-term impact of education on having significant late-life depressive
symptoms among rural women in China?
2. How does the causal relationship between education and having significant late-life
depressive symptoms differ by early life financial status and urbanization status?

Literature Review

Causal Effect of Education on Depression

Despite the noted association between educational attainment and mental health, there is
considerable debate on whether this relationship is causal. There are only a few studies
estimating a causal effect of education on mental health, and most of these studies focus on
developed countries such as the UK and Finland. Almost no evidence exists for low and middle-
income developing countries from regions like Asia.

The existing literature provides some evidence supporting the positive and protective effect
of education on mental health and depression. Amin et al. (2023) re-examined the UK context
using sibling fixed-effects and genetic predisposition controls, identifying associations between
higher educational attainment and better mental health, though sibling controls reduced the
associations. Feinstein (2002) assessed UK national cohorts and concluded that education
significantly impacted the probability of depression in women, with weaker effects in men,
indicating that education contributes to health outcomes beyond pre-existing factors. Chevalier
and Feinstein (2006) utilized a rich longitudinal dataset in the UK to examine education's impact
on mental health, finding that accounting for education's endogeneity augmented its protective
effect on mental health, with stronger effects for mid-level qualifications, women, and those at
greater risk of mental illness.

Sironi (2012) employed an instrumental variable framework and European Social Survey
data to establish a significant relationship between higher education and better mental health
across 23 European countries, although the magnitude of this relationship was small. Demange et
al. (2023) explored the causal relationship using Dutch sibling comparisons and Mendelian
randomization, finding that lower educational attainment causally increased the risk of specific
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psychiatric diagnoses. Kondirolli and Sunder (2022a; 2022b) leveraged age-specific exposure to
educational reform in Zimbabwe as an instrument for years of education, revealing that an extra
year of education reduced the likelihood of reporting depression and anxiety symptoms, with
more pronounced effects among women and rural residents, potentially mediated through
improved physical health, health behavior, and women's empowerment.

On the contrary, some scholars have found a negative effect of education on mental health.
Using a regression discontinuity design, Avendano et al. (2017) find that the 1972 compulsory
schooling reform in Britain increased education but also increased depression and poor mental
health later in life, suggesting forcing struggling students to stay in school can have unintended
negative mental health consequences. However, the results do not imply education itself harms
mental health. Also using a regression discontinuity design, Courtin et al. (2019) found that a
compulsory schooling reform in France increasing education by 2 years improved cognitive
functioning for men but also increased depressive symptoms for women, highlighting mixed
effects on long-term health. While more schooling boosted cognition for men, it did not improve
physical functioning and harmed mental health for women.

However, existing literature also consistently demonstrates that there is no causal effect of
education on mental health, with various studies targeting specific populations, exogenous
events, and employing distinct causal inference methods. Avendano et al. (2020) focused on the
population affected by a 1972 reform in Great Britain that raised the minimum school leaving
age from 15 to 16. Utilizing a regression discontinuity design, they examined the impact of
longer compulsory schooling on mental health, concluding that this reform did not improve
mental health. Dahmann and Schnitzlein (2019) targeted the population affected by a reform
extending compulsory schooling by one year in West Germany between 1949 and 1969. They
employed instrumental variable (IV) techniques to estimate the protective effect of education on
mental health, specifically assessing mental health with the Mental Component Summary (MCS)
score. Their results, both in standard OLS estimations and IV estimations, revealed no clear
causal protective effect and raised the possibility of negative effects. Kamhofer et al. (2019)
studied the effects of college education on cognitive abilities, health, and wages in the German
population. They used semiparametric local instrumental variables techniques to estimate
marginal treatment effects. The research found no mental health effects for the entire population.

Johansson et al. (2009) examined a representative population health survey in Finland and
instrumental variable methods to investigate the causal effect of education on common mental
disorders. Their estimates indicated mostly insignificant effects of education on common mental
disorders, calling into question the role of formal education in determining these conditions.
Viinikainen et al. (2018) studied a population of 1,733 individuals from the Young Finns Study.
While ordinary least squares (OLS) estimation indicated a negative association between years of
education and significant depressive symptoms, the Mendelian randomization results suggested
that this relationship was not causal. Kuuppelomaéki's study (Tiina, 2023) investigated the effects
of upper secondary school selectivity on students' mental health, focusing on the population of
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students affected by upper secondary education admission cutoffs. The research used Regression
Discontinuity Design and revealed no consistent effects on individuals' short-term or long-term
mental health.

The only evidence on the Chinese population is a study by Jiang, Lu, & Xie (2020). The
authors examined the impact of education on mental health by analyzing compulsory schooling
laws in 1980s China that generated sharp increases in attainment between cohorts. Using a
regression discontinuity design, they find an extra year of schooling reduces mental health
disorders by 0.09 standard deviations as education provides resources, skills, and social
integration with long-term benefits. More educated individuals have significantly lower rates of
depression, anxiety, hopelessness and other disorders, especially women and rural populations.

These findings collectively underscore the complex, multifaceted relationship between
education and mental health. The causal impact of education attainment on mental health varies
depending on individual circumstances, populations, and methodologies used in different studies.
While some studies suggest a positive and protective effect of education on mental health, such
as reduced risk of depression symptoms and improved overall well-being, others find more
nuanced or even contradictory results. Therefore, research is needed to better understand the
specific mechanisms and conditions under which education may have a significant impact on
mental health and depression, especially for the population that is under-researched such as the
middle-aged and elderly rural Chinese women.

Long-term Effects of the Chinese Cultural Revolution

Existing literature that examined the long-term impact of the Chinese Cultural Revolution
mainly focused on education, the labor market, and physical health outcomes but did not include
mental health outcomes. For example, Meng & Gregory (2002) used IV and multinomial logit
estimation and found the widespread school interruptions of the Cultural Revolution
substantially impacted later educational attainment, especially at the high school level. While
less likely to obtain a university degree, interrupted students had a higher probability of a semi-
degree; furthermore, missed schooling years and level mattered more than lapsed time for
reduced attainment, with the largest negative impacts on children of less educated, lower-status
parents. Another study, Giles (2015), provides evidence on the educational disruptions of the
Cultural Revolution and identifies urban China's returns to schooling by exploiting city-level
variation in these disruptions. College returns averaged 49.8% using Mincer specifications and
37.1% with supply shock instruments, suggesting high-ability students select higher education.
The Chen (2022) study looked at a slightly different education outcome as it estimates the rural
educational effects of the Cultural Revolution's send-down movement when 16 million urban
youth resettled in the countryside. Using county data, greater exposure to sent-down youths
increased rural children's education, with positive effects diminishing but never disappearing
after the late 1970s departure.
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For labor market outcomes, Meng & Gregory (2007) found the Chinese Cultural Revolution's
widespread school closures significantly reduced educational attainment, with over half the
affected cohort unable to obtain expected university degrees and losing over 50% of potential
earnings. Similarly, Li (2022) found that using regression discontinuity, the loss of college
access caused sizable 30-year reductions in labor supply, earnings, and wealth, though affected
generations later made efforts to compensate for lost education. Zhou (2016) also found that the
Chinese Cultural Revolution's large-scale school closures and forced migration produced lasting
negative income effects for affected 1946-1961 birth cohorts since the 1990s, amplified as the
market economy evolved.

For other outcomes, Zhong, Hai (2016), investigate the effects of the quantity of education
on physical health. It utilizes a regression discontinuity design approach based on the Chinese
Cultural Revolution to understand how variations in education levels during this period
influenced health outcomes. While more education reduced poor self-assessed health and
disabilities, they found no significant effects on physical functioning or recent body pains. In
addition, Wu (2016) examined how the Cultural Revolution incentivized snitching and loyalty
signaling to reduce social trust. Using county-level death rates and interrupted schooling years as
intensity measures, greater exposure caused significantly less trust.

By far, only one existing study delved into the long-term consequences of the Cultural
Revolution in China on mental health outcomes. Liang, Yu, and Jing Dong (2022) focus on the
"send-down" experience, which refers to the policy during the Chinese Cultural Revolution
where urban youth were sent to rural areas for labor and ideological reeducation. The study
examines how this experience impacted the health of elderly Chinese women, using data from
the China Family Panel Studies. Fuzzy regression discontinuity results show the "send-down"
movement increased elderly women's probability of chronic disease by 6.9% and reduced mental
health by 1.6%. However, this study did not specifically examine the long-term effect of
education on mental health but rather the overall experience as a whole.

The current study differs from the existing studies and contributes to the literature in several
ways. First, it focuses on middle-aged and elderly rural Chinese women with a very low
education level, an extremely high-risk population that has never been studied before. Second, it
uses the increased educational attainment resulting from the sudden end of the Cultural
Revolution instead of the disruptions in education during the Cultural Revolution as the
mechanism for causal identification, which has never been employed. Third, it uses a
distinguished dataset - the Harmonized CHARLS dataset combining four waves of CHARLS
survey data. All these features allow the current study to provide important findings on the
under-studied population that add to the existing evidence of the causal impact of education on
late-life depression.
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Approach

Selection of Treatment and Control Groups

The 10-year-long Great Proletariat Cultural Revolution in China (the Cultural Revolution)
started in May 1966, when leaders contended over competing goals and approaches to national
development and used the education system as a reactive tool to achieve the party's development
objective (Pepper, 1978; Hannum, 1999; Tsang, 2000; Chen et. Al., 2022). During the Cultural
Revolution from 1966 to 1977, most government agencies and educational institutions ceased to
function; most schools were closed for up to six years; universities stopped normal recruitment
of national university entry exams for eleven years. As a consequence, the formal education of a
great number of school-age children was interrupted, including the rural women in China.

The sudden end of the Cultural Revolution brought an exogenous shock, and allowed rural
women at a younger age to be saved from those interruptions. In other words, how a rural
woman’s education was affected by the sudden end of the Cultural Revolution is dependent on
her year of birth. Specifically, the education experience of rural women born during 1959-1964
was minimally disrupted or not affected because these women were too young to be affected
when the Cultural Revolution suddenly ended. These women would have proceeded to the next
level of schooling as normal when they graduated from elementary schools, middle schools, or
high schools during the recovery period of the Cultural Revolution (1972-1977) when they were
8 to 17 years old. Therefore, I selected them as the treatment group.

On the other hand, the education experience of rural women born during 1953-1958 was
severely disrupted because their education opportunities were already largely restricted and
disrupted before the sudden end of the cultural revolution. For example, during the intense
periods of the Cultural Revolution (1966-1968) when all schools were closed, rural women born
between 1953 to 1955 lost opportunities to attend middle schools. Rural women born between
1956 to 1958 may have had some chance of enrolling in middle school, but their learnings were
largely disrupted; while these obstacles to educational attainment were not experienced by the
treatment group (1959-1964 cohorts). When the Cultural Revolution suddenly ended in 1977,
these rural women were already 19 to 24 years old, which means that their entire first and
secondary education experience was disrupted. These women are therefore selected as the
control group.

Figure 1 shows how rural women’s education experience was influenced by the Cultural
Revolution differently based on their birth years. The year 1977 marks the sudden end of the
Cultural Revolution, when China’s education system was resumed. The orange shadings present
different intensities of education disruption during the Cultural Revolution. Within each of the
three phases, the treatment cohorts experienced minimal or no disruption to their education
experience, while the education experience of the control cohorts was largely disrupted. More
details on the Cultural Revolution and its influence on education attainment can be found in
Appendix A, and a detailed event chart by birth cohort is presented in Appendix B.
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Figure 1. Rural Women’s Education Experience and Its Timeline

Note: Three different intensities of shading represents the three distinct periods of the Cultural Revolution: 1)1966-68,
when schools were closed, and education was halted; 2) 1969-71, when some schools and education were resumed,
but it was heavily focused on political indoctrination and revolutionary theory over traditional academic subjects; and
3) 1972-76, when there was a renewed emphasis on academic education, and schools began to reintroduce
traditional academic subjects.

Data

The primary data source I use is the Harmonized China Health and Retirement Longitudinal
Study (CHARLS) dataset. More details on the dataset can be found in the Data section in
Chapter 1.

In this paper, I have included rural women born between 1953 and 1964 from all 4 waves of
CHARLS data in the analysis. I also transformed the Harmonized CHARLS panel dataset
(unique at the individual level) into a cross-sectional dataset (unique at the individual-wave
level). The rural indicator I used in this study to select the rural women population is based on
their rural origin or individual’s first hukou status. More details on the rural indicator can be
found in the Data section in Chapter 2.

The final sample used for descriptive statistics consists of 12,385 observations, with 6,156
observations from the treatment cohorts and 6,229 observations from the comparison cohorts.

Since the cutoff for treatment is fuzzy®’, 1 specifically excluded the 1958 and 1959 cohorts to
increase the precision of the results in the regression analyses. The final sample used for
regression analyses consists of 10,871 observations, with 5,427 observations from the treatment
cohorts and 5,444 observations from the comparison cohorts. The age range of rural women in
the treatment group is 46-59 and the age range of rural women in the control group is 52-65.

Outcomes

The main outcome of the study is an indicator variable for whether someone has significant
depressive symptoms, which is defined as having a score of 10 or higher on the CES-D 10 test

%9 There could some variations in the timing of going to schools, thus creating fuzziness around the cutoff. More
details can be found in the limitations section in Discussion.
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(Andresen et al., 1994; Zhang et al., 2012). More details on the outcome can be found in the
Data-Outcomes section in Chapter 2.

Key Explanatory Variables

I constructed two variables for educational attainment. One variable is a binary indicator for
the level of educational attainment being literate’®. The other variable is the total years of
schooling’! calculated using the education levels.

Control Variables

The basic personal characteristics controlled for include:
Age: respondent’s age at the year of the survey.
Age-squared: A quadratic term of age.
Number of survey waves participated: A respondent can participate in at least 1 survey
and at most 4 surveys.
e Born during the Great Famine: born during 1959-1961.

The early life characteristics controlled for include:
e Mom is illiterate’?, constructed based on the highest level of education completed by the
respondent's mother.
e Received mom's love and affection when growing up’>.
Relationships with mom when growing up’*.

70 The literacy indicator has a value of 0 for those who belong to the “1.No formal education illiterate” category of
the raeduc_c variable in the Harmonized CHARLS data, and a value of 1 for those who have higher levels of
educational attainment (any formal education).

1 Total schooling years are calculated using the raeduc_c variable based on the assumptions that: 1) those with no
formal education had 0 years of schooling on average; 2) those who did not finish primary school had 3 years of
formal schooling on average; 3) those completed education in Sishu (traditional private homeschooling) had 5 years
of equivalent elementary school on average; 4) those completed middle school had 6 years of elementary school and
3 years of middle schools; 5) those completed vocational high schools had 6 years of elementary school, 3 years of
middle school, and 2 years of equivalent high school; 6) those completed high schools had 6 years of elementary
school, 3 years of middle school, and 3 years of equivalent high school; 7) those completed two/three-year colleges
had 6 years of elementary school, 3 years of middle school, 3 years of equivalent high school, and 2 years of
equivalent college.

72 Respondent’s answer to rafeduc_c is “No Formal Education (Illiterate)” (code of 1). All male guardians are
assumed to be the dads of the respondents. rameduc_c has the same codes as the respondent’s education level
raeduc_c.

73 Used the original variable ramomatt _c, which is a scale ranges from “Often” (scale of 1) to “Never” (scale of 4).

74 Used the original variable ramomgrela, which is a scale from “Excellent” (scale of 1) or “Poor” (scale of 5).
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e Dad is a farmer’”, constructed based on the respondent's father's occupation before the
respondent was age 17.

e Dad is illiterate’®, constructed based on the highest level of education completed by the
respondent's father.

e Relationships with dad when growing up’’.

Heterogeneous Analyses Variables

Based on the findings from the literature and the findings from the previous two papers, |
performed a heterogeneous analysis of early life financial status and urbanization status, I created
the following variables for different population subgroups:

e Poor early life financial status’®, constructed based on the respondent's self-rated family
financial situation before age 17 compared to the average family in the same
community/village.

e Urbanization status, constructed based on the respondent’s first hukou type, change of
hukou status throughout life”, current hukou type?°, and current living location®!.

In this paper, I define the change of hukou status if a rural woman satisfies one of the
following: 1) first hukou was rural hukou but ever changed to urban hukou in age 16-80
(harmonized life history data); 2) first hukou was rural hukou but then had a new hukou
type (life history demographics data); 3) first hukou was rural hukou but changed to

& Respondent’s answer to radadoccup _c is “Farming” (code of 1). All male guardians are assumed to be the dads of
the respondents. radadoccup _c is assigned 1 if farming was the father's occupation. radadoccup c is assigned 2 if
non-agricultural employment was the father's occupation.

76 Respondent’s answer to rafeduc_c is “No Formal Education (Illiterate)” (code of 1). All male guardians are
assumed to be the dads of the respondents. rafeduc_c has the same codes as the respondent’s education level
raeduc_c.

77 Used the original variable radadgrela, which is a scale from “Excellent” (scale of 1) or “Poor” (scale of 5).

8 Respondent’s answer for rafinacom is “Somewhat worse off than them” (scale of 4) or “A lot worse off than
them” (scale of 5). rafinacom uses a scale ranging from 1 for "A lot better off than them" to 5 for "A lot worse off
than them".

9 histate is merged from Harmonized CHARLS Life History dataset and shows respondent’s state of hukou type at
age 15-80. k004 is merged from the 2014 CHARLS Life History Survey - Demographic Backgrounds dataset and
shows the new hukou type of the respondent if hukou type has changed. p005fis merged from the 2014 CHARLS
Life History Survey - Demographic Backgrounds dataset and shows the new hukou type of the respondent if the
respondent got married to a spouse who had urban hukou and thus changed the hukou type. Respondents are
categorized as have changed their hukou status if had rural origin (hukoutype=1) and had answers for hkstate, hk004,
or p005f as “Non-agricultural Hukou” (code of 2) or “Unified Residence Hukou” (code of 3) at any time point in
their lives.

80 Respondents are categorized as currently holding rural hukou if the answer to rwrural? is “Rural hukou” (code of
1). rwrural? identifies the respondent’s living region by self-reported Hukou status.

81 Respondents are categorized as currently living in rural areas if the answer to Awrural is “Rural Village” (code of
1). hwrural indicates the household living region defined by National Bureau of Statistics of the People's Republic
of China.
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urban hukou when got married (life history demographics data); 4) first hukou was rural
hukou but currently have urban hukou (harmonized CHARLS data). When a woman is
missing data on first hukou status, I made the following assumptions: 1) first hukou status
is rural if the current hukou status is rural; 2) has changed hukou status to urban if the
current hukou status is urban. I define living in urban areas as: first hukou was rural
hukou but currently living in urban areas (harmonized CHARLS data).

Based on these definitions, I created this three-category urbanization status indicator that
includes all these possible scenarios:

o Stayed-rural (code of 1) indicates that the respondent has a rural origin, still has a
rural hukou, and is still living in rural areas.

o Semi-urbanized (code of 2) indicates that the respondent has a rural origin, but
has either changed her hukou status to urban but is still living in rural areas, or
still has a rural hukou but is currently living in urban areas.

o Fully-urbanized (code of 3) indicates that the respondent has a rural origin, has
changed her hukou status to urban, and is currently living in urban areas.

Empirical Strategy: Regression Discontinuity Design

The sudden end of the Chinese Cultural Revolution in 1977 can be viewed as an experiment
in which different shocks in the supply of educational opportunities were assigned to individuals
according to their years of birth. Under the assumption that the masses did not anticipate the
sudden end of the Chinese Cultural Revolution, these shocks can be considered exogenous. The
nature of the event allowed me to use the Regression Discontinuity Design to study the causal
effect of improved educational attainment on late-life depression. Specifically, I exploit the fact
that the extent to which a rural woman’s education was affected by the sudden end of the policies
is a discontinuous function of their birth year.

The continuity assumption here is that the education attainment of rural women would have
remained a smooth function of the birth year and showed no discontinuity at the cutoff in the
absence of the sudden end of the Cultural Revolution. The Fuzzy Regression Discontinuity
Design is employed because the probability of improved education discontinuously increases,
but not directly increases, from 0 to 1 at the cutoff.

The equations below list out the first stage and the reduced form regressions. First, I use the
following equation to quantify the effect of the sudden end of the Cultural Revolution on
educational attainment:

E;j = a + Bipost;j + Bty + Bapost; x t;; + B4 Xi; + e (1)

E;; represents two explanatory variables of education. The first is an indicator of whether a

rural woman is literate; and the other is the total schooling years of a rural woman. post;; is an
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indicator of whether a rural woman belongs to the treatment group, which is born after 1959. t;;,
the running variable, is the individual’s birth year's distance from the year 1959. X;; is a group of
individual characteristics that were controlled for, including age and the quadratic form of age,
the number of waves of survey participated by individual i, whether individual i was born during
the Great Famine®?, and a group of early life factors. e;; is the error term. The standard errors are
clustered at the birth year level.

Then I use the following equation of a similar form to estimate the effect of being born in or
after 1959 on the probability of having significant depressive symptoms:

Dij =0+ Ttlpost,-]- + Tl'ztij + ngposti]- * tl] + 1T4Xi]' + Wij (2)

Where D;; is a binary indicator for having significant late-life depressive symptoms (whether
CES-D10 score >=10) of individual i in the year of birth j.

Results

Descriptive Statistics

Table 1 presents summary statistics and t-test results between the treatment (1959-1964) and
comparison (1953-1958) cohorts. The p-values of the t-test results show that the differences
between the two groups are statistically significant for almost all variables. Panel A compares the
outcome variable, key explanation variable (education), personal characteristics (control
variables), and heterogeneous analysis variables (in Panel A). Panel B compares a series of early
life characteristics between the treatment and control groups. In the regression analyses, |
included several significant early life factors®® that are with minimal missing values as additional
control variables.

Table 1. Sample Characteristics

Born 1953-1957 Born 1960-1964 ttest
N Mean (SD) N Mean (SD) Diff p-value
Panel A: CES-D score (0-30)* 5444 9.67 5427 8.98 0.68 0.00
outsome, 6.77) (6.40)
ggﬁt?;a;r%’ depressed (CES-D 10-
’ item score>=10) 5444 0.45 5427 0.40 0.04 0.00

82 The Great Famine that occurred from 1959 to 1961 could potentially have influenced the correlation and causal
effect between education and mental health. The study controlled for this factor by adding an indicator for
individuals born during those years in all regression analyses. See details in the limitations section.

83 mom is illiterate, received mom's love and affection when growing up, relationship with mom when growing up,

dad is illiterate, dad is a farmer, relationship with dad when growing up
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heterogeneous

(0.50) (0.49)
analyses
variables education level: literate 5444 0.54 5427 0.79 -0.25 0.00
(0.50) (0.41)
total schooling years 5444 3.16 5427 5.79 -2.64 0.00
(3.66) (3.95)
financially worse off than
other families in childhood 5055 0.40 4982 0.36 0.04 0.00
(0.49) (0.48)
urbanizing status** 5444 1.48 5427 1.46 0.02 0.18
(0.69) (0.68)
age 5444 58.85 5427 51.56 7.30 0.00
(2.91) (2.94)
age-quadratic 5444 3472.29 5427 2666.65 805.64 0.00
(344.28) (305.23)
born during The Great
Famine (1959-1961) 5444 0.00 5427 0.27 -0.27 0.00
(0.00) (0.44)
number of survey waves
participated 5444 3.71 5427 3.68 0.03 0.01
(0.60) (0.62)
childhood health condition
compared to other
children 5038 2.70 4964 2.64 0.06 0.01
(1.02) (1.04)
missed school for 1+
month in childhood 3158 0.03 4156 0.05 -0.02 0.00
(0.16) (0.22)
childhood financial status
compared to avg family 5055 3.55 4982 3.46 0.08 0.00
(0.97) (0.94)
mom is illiterate 5413 0.92 5368 0.81 0.11 0.00
(0.27) (0.39)
mom is a farmer 4537 0.98 4579 0.98 0.00 0.35
II';rznel B: early (0.13) (0.14)
characteristics "o put effort into
watching over 4865 1.77 4858 1.68 0.08 0.00
(0.98) (0.93)
received mom's love and
affection when growing
up 4855 1.68 4875 1.62 0.06 0.00
(1.00) (0.94)
relationship with mom
when growing up 4881 2.19 4900 2.12 0.07 0.00
(1.11) (1.06)
dad is illiterate 5373 0.60 5347 0.52 0.09 0.00
(0.49) (0.50)
dad is a farmer 4848 0.86 4792 0.83 0.03 0.00
(0.35) (0.38)
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relationship with dad
when growing up 4796 2.28 4810 2.19 0.10 0.00

(1.12) (1.08)

Note: Raw means are reported. Cohorts 1958 and 1959 are not included. Bonferroni multiple-comparison tests were
performed to produce the p-values.
*only depressed (CES-D 10-item score>=10) is used as the outcome variable in all regression analyses.

**averages of the three urbanization categories are reported here.

First Stage: The Effect of the Policy Interruption on Educational Attainment

Figure 2 shows the percentage of rural women who are literate, and the total schooling years
of these rural women, by birth cohort. The large sudden decrease that appears in the 1959 cohort
reflects the discontinuity and aligns with the different education experiences of the treatment and
control cohorts as shown in Figure 1. The sudden increase of the total years of schooling in the
1959 cohort can be largely driven by the sudden increase in literacy rates. Since there is some
fuzziness around the cutoff, I excluded the 1958 and 1959 cohorts in regression analyses to
increase the precision of the results.

Figure 2. Literacy Rates and Total Schooling Years, 1953-1964 Cohorts
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total schooling years
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Note: Raw percentages of literate rural women (left) and total schooling years (right) by birth year are presented in
the graphs. The two birth cohorts around the cutoff (cohorts 1958 and 1959) are disconnected from the trendline
since they were not included in the following regression analyses.

Figure 3 shows the de-trended plots of the average literacy rates and total schooling years
by birth cohort. The estimated averages of the treatment group (1959-1964 cohorts) are
statistically significantly higher than those of the control group (1953-1958 cohorts) before the
1959 cutoff®*. We can see a clear discontinuity before and after the cutoff, showing the treatment

84 According to previous studies using the Event Study and the Interrupted Time Series designs (Dobkin et al., 2018;
Mulhern et al., 2023; Roth, 2022), the 95% confidence intervals of the pre-cutoff crossing the zero baseline confirms
the validity of the 2SLS setup.
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cohorts had significantly higher literacy rates and more total schooling years compared with the
control cohorts.

Figure 3. De-trended Literacy Rates and Total Schooling Years Around the Discontinuity, Cohorts
1953-1964
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Note: Changes in literacy rates (left) and total schooling years (right) are presented in the graphs. X-axis shows the
birth year’s distance from 1958. The two birth cohorts around the cutoff (cohorts 1958 and 1959) are not shown since
they were not included in the following regression analyses. 0 on the x-axis shows the cutoff at birth cohort 1957.
Each blue dot corresponds to a regression coefficient. The model controls for trending, age, other characteristics, and
early life factors. The bars show 95% confidence intervals. Regression results from reghdfe are reported in Appendix
C (see Tables C1-4).

The first-stage regression results also confirmed the discontinuity. Table 2 shows the first-
stage results of equation (1). Models 1 and 4 present results from the unadjusted model of the
effect of going over the 1959 birth year threshold on being literate and the total schooling years.
Models 2 and 5 adjusted for time trends and controlled for individual characteristics, including
age and the quadratic form of age, number of waves of survey participated, and born during the
Great Famine. Models 3 and 6 further included various early life factors as controls.

The coefficients on post are statistically significant in all models, which confirms the
discontinuity in literacy rates and the total schooling years at the 1959 cutoff. Both the graph and
regression results suggest that the jump in total schooling years® is larger than the jump in
literacy rate.

85 1 only used the total schooling years for the 2SLS regression for this reason.
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Table 2. The Effect of Going Over the 1959 Birth Year Threshold on Literacy and Total Schooling
Years

Literacy Rates Total Schooling Years
education level: literate (1) (2) 3) (4) (5) (6)

born on or after 1959 (post) = 1 0.250** 0.0820**  0.118* 2.638**  2.159***  2.760***
(0.0252)  (0.0324)  (0.0476) (0.212) (0.339) (0.478)

birth year's distance from 1958 (t) 0.0275***  0.0221** 0.278*** 0.240%*
(0.00519) (0.00711) (0.0322)  (0.0426)
t*post -0.00516  -0.00853 -0.326**  -0.436***
(0.00683) (0.00984) (0.0623)  (0.0877)
age -0.00151  0.00396 -0.0861 -0.0540
(0.0161)  (0.0182) (0.159) (0.151)
age-quadratic 2.64e-05 -2.26e-05 0.000817 0.000556
(0.000144 (0.000168 (0.00140) (0.00135)
)
born during The Great Famine -0.0112 -0.0247 -0.490** -0.809***
(1959-1961)
(0.0142)  (0.0212) (0.179) (0.243)
number of survey waves -0.0189 -0.0126 -0.0220 0.0105
participated
(0.0108)  (0.0148) (0.0924)  (0.136)
mom is illiterate -0.0734*** -1.088***
(0.0152) (0.145)
received mom's love and affection -0.0106 -0.0234
when growing up
(0.00911) (0.0999)
relationship with mom when -0.00184 -0.0816
growing up
(0.0124) (0.0997)
dad is illiterate -0.116*** -1.127*
(0.0251) (0.152)
dad is a farmer -0.145*** -1.595***
(0.0259) (0.177)
relationship with dad when -0.00990 -0.128
growing up
(0.00751) (0.0837)
Constant 0.536** 0.687 0.810 3.155%** 6.317 8.727*
(0.0200)  (0.470) (0.490) (0.188) (4.680) (4.415)
Observations 10,871 10,871 9,178 10,871 10,871 9,178
R-squared 0.069 0.075 0.119 0.107 0.112 0.183

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Note: robust standard errors clustered at the birth year level. The regression analyses excluded two birth cohorts
around the cutoff (cohorts 1958 and 1959).
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Reduced Form: The Effect of the Policy Interruption on Having Significant Late-life
Depressive Symptoms

Figure 4 shows the RD plot of the percentage of women who have significant depressive
symptoms for cohorts 1953-1964, and Figure 5 shows the de-trended RD plot of the percentage
of having significant depressive symptoms for cohorts 1953-1964. We do not see similar
discontinuities in late-life depression rates as we see in literacy rates or total schooling years.
Specifically, there is no visually evident discontinuity at the cutoff in Figure 4, and the adjusted
average level of significant late-life depressive symptoms of the 1959-64 cohorts are shown to be
not higher than the pre-cutoff values as shown in Figure 5 (the 95% confidence intervals crossing
the zero line in the de-trended graph).

Figure 4. Percent of Rural Women with Significant Depressive Symptoms, 1953-1964 Cohorts
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Note: Raw percentages by birth year are presented in the graph. The two birth cohorts around the cutoff (cohorts
1958 and 1959) are disconnected from the trendline since they were not included in the following regression
analyses.

Figure 5. De-trended Percent of Rural Women Having Significant Depressive Symptoms Around
the Discontinuity, Cohorts 1953-1964
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Note: X-axis shows the birth year’s distance from 1958. The two birth cohorts around the cutoff (cohorts 1958 and
1959) are not shown since they were not included in the following regression analyses. 0 on the x-axis shows the
cutoff at birth cohort 1957. Each blue dot corresponds to a regression coefficient. The model controls for trending,
age, other characteristics, and early life factors. The bars show 95% confidence intervals. Regression results from
reghdfe are reported in Appendix C (see Tables C5-6).

Table 3 shows the RD regression results from the reduced form equation (2). Model 1
presents results from the unadjusted model of the effect of going over the 1959 birth year
threshold on having significant depressive symptoms. Model 2 adjusted for time trends and
individual characteristics that were controlled for, including age and the quadratic form of age,
the number of waves of survey participated, and born during the Great Famine. Model 3 further
includes all the early life factors as controls. The coefficients on post show that the discontinuity
became statistically insignificant after controlling for trend, age, other characteristics, and early
life factors. Both of the coefficients on post from Table 3 and the detrended graph (Figure 5)
suggest that the treatment cohorts do not experience a different rate of late-life depression than
the comparison cohorts.

Table 3. The Effect of Going Over the 1959 Birth Year Threshold on Having Significant Depressive

Symptoms
(1 2) 3)
depressed (CES-D 10-item
score>=10)
born on or after 1959 (post) = 1 -0.0414** 0.0457 0.0215
(0.0136) (0.0360) (0.0397)
birth year's distance from 1958 (t) -0.00741 -0.00296
(0.00746) (0.00758)
t*post 0.0108 0.0103
(0.00948) (0.0108)
age 0.0554*** 0.0354*
(0.0135) (0.0166)
age-quadratic -0.000409*** -0.000232
(0.000124) (0.000154)
born during The Great Famine -0.0149 -0.00661
(1959-1961)
(0.0136) (0.0175)
number of survey waves 0.00655 0.0267**
participated
(0.00723) (0.00975)
mom is illiterate 0.0350
(0.0196)
received mom's love and affection 0.00363
when growing up
(0.00880)
relationship with mom when 0.0165*
growing up
(0.00872)
dad is illiterate 0.0470**
(0.0154)
dad is a farmer 0.0358**
(0.0153)
relationship with dad when 0.0194*
growing up
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(0.0102)

Constant 0.446** -1.441*** -1.124**
(0.0122) (0.380) (0.477)

Observations 10,871 10,871 9,178

R-squared 0.002 0.006 0.017

Robust standard errors in parentheses
*** n<0.01, ** p<0.05, * p<0.1
Note: robust standard errors clustered at the birth year level. The regression analyses excluded two birth cohorts
around the cutoff (cohorts 1958 and 1959).

However, if we look at rural women who had financial hardship in early life, we see a
somewhat clear discontinuity (see Figure 6a). This suggests that more schooling years can lead
to a higher likelihood of late-life depression when a rural woman has experienced financial
hardship in early life. A more evident discontinuity is found in late-life depression among rural
women who did not migrate to urban areas (see Figure 6b). For those women who stayed at
rural, an increase in schooling years can lead to a higher likelihood of late-life depression. The
plot on the raw percentage of rural women having significant depressive symptoms by birth year
(Figures D1-2) and the RD reduced form regression results for the two subgroups (Tables D1-2)
can be found in Appendix D. The RD results for the two subgroups are rather puzzling. I provide
possible explanations and more details on the possible reasons behind the results in the
Discussions section.

Figure 6. De-trended Percent of Rural Women Having Significant Depressive Symptoms Around
the Discontinuity, Cohorts 1953-1964 [Early Life Financial Hardship & Stay at Rural Subgroup]
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Note: Changes in the percentage of having significant depressive symptoms among rural women with early life
financial hardships (a, left) and stayed at rural (b, right) are presented in the graphs. X-axis shows the birth year’s
distance from 1958. The two birth cohorts around the cutoff (cohorts 1958 and 1959) are not shown since they were
not included in the following regression analyses. 0 on the x-axis shows the cutoff at birth cohort 1957. Each blue dot
corresponds to a regression coefficient. The model controls for trending, age, other characteristics, and early life
factors. The bars show 95% confidence intervals. Regression results from reghdfe are reported in Appendix C (see
Tables C5-6).
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2SLS: The Effect of Increased Schooling Years on Having Significant Late-life
Depressive Symptoms

To further investigate the results, I also employed the Two-Stage Least Squares (2SLS) as an
alternative approach to study the effect that operates through education alone on late-life
depression. For the overall sample, model (1) presents results from the unadjusted model of the
effect of increased literacy on having significant late-life depressive symptoms. Model (2)
adjusted for time trends and individual characteristics, including age and the quadratic form of
age, the number of waves of survey participated, and born during the Great Famine. Model (3)
further adds early life factors as control variables. The 2SLS results also show a null effect of the
increase in total schooling years on late-life depression among the overall rural women
population.

Table 4. Effects of Increased Schooling Years on Having Significant Depressive Symptoms

(1)
depressed (CES-D 10-item score>=10)

)

@)

education level: literate -0.0157*** 0.0212 0.00778
(0.00410) (0.0181) (0.0147)
birth year's distance from 1958 (t) -0.0133 -0.00483
(0.0110) (0.00973)
t*post 0.0177 0.0137
(0.0111) (0.0114)
age 0.0572*** 0.0358**
(0.0122) (0.0153)
age-quadratic -0.000426*** -0.000237*
(0.000114) (0.000142)
born during The Great Famine (1959-1961) -0.00448 -0.000321
(0.0113) (0.0121)
number of survey waves participated 0.00702 0.0266***
(0.00698) (0.00950)
mom is illiterate 0.0435**
(0.0197)
received mom's love and affection when growing up 0.00381
(0.00861)
relationship with mom when growing up 0.0171*
(0.00903)
dad is illiterate 0.0557***
(0.0192)
dad is a farmer 0.0482*
(0.0287)
relationship with dad when growing up 0.0204**
(0.00878)
Constant 0.495** -1.575*** -1.192%*
(0.0220) (0.352) (0.440)
Observations 10,871 10,871 9,178
F-stats 155.46 40.47 33.29

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1
Note: 2SLS results are presented in the table. Robust standard errors clustered at the birth year level. The regression

analyses excluded two birth cohorts around the cutoff (cohorts 1958 and 1959).
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Similar results were found among rural women with early-life financial hardships (see
Models 1-3 in Table 5). Since the sample size is quite small, there is a lack of power to detect
significant results, but the coefficients all point to the positive direction, which is in alignment
with the discontinuity shown in the detrended graph. For the stayed at rural women, the
coefficients from the 2SLS regression are statistically significant and the instrument appears to
be strong®® (see Models 4-6 in Table 5). The 2SLS results suggest that more schooling years can
cause an increase in the risks for late-life depression for rural women who did not migrate to
urban areas. However, the results should be viewed with caution, as I explain in more detail in
the Discussions section.

Table 5. Effects of Increased Schooling Years on Having Significant Depressive Symptoms [Early
Life Financial Hardship & Stay at Rural Subgroup]

Early Life Financial Hardship Stay at Rural
education level: literate (1) (2) 3) (4) (5) (6)
total schooling years -0.0128**  0.0545 0.0900 -0.0123*  0.0776***  0.0291**
(0.00585) (0.0412)  (0.0625)  (0.00649) (0.0300) (0.0113)
birth year's distance from 1958 (t) -0.0198 -0.0113 -0.0449*** -0.0197
(0.0121)  (0.0202) (0.0143)  (0.0128)
t*post -0.00606 -0.0154 0.0212* 0.0247*
(0.00924) (0.0213) (0.0115)  (0.0146)
age 0.00752 0.0333
(0.0223) (0.0225)
age-quadratic 0.00005 -0.000218
(0.0002) (0.000205
)
born during The Great Famine -0.0158 0.0255*
(1959-1961)
(0.0248) (0.0133)
number of survey waves 0.0323 -0.0107
participated
(0.0292) (0.0119)
mom is illiterate 0.109 0.0660***
(0.0867) (0.0224)
received mom's love and affection 0.00527 0.00309
when growing up
(0.0249) (0.0114)
relationship with mom when 0.0136 0.0285**
growing up
(0.0141) (0.0127)
dad is illiterate 0.109 0.0804***
(0.0701) (0.0236)
dad is a farmer 0.0748 0.0462
(0.0914) (0.0368)
relationship with dad when 0.0284* 0.00545
growing up
(0.0164) (0.0125)
Constant 0.548** 0.319* -0.830 0.499** 0.137 -1.065
(0.0281)  (0.147) (0.858) (0.0310)  (0.121) (0.677)
Observations 3,808 3,808 3,315 6,985 6,985 5,899

86 See F-stats in Table 5.
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F-stats 171.58 15.74 7.86 169.11 13.65 57.58
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Note: 2SLS results are presented in the table. Robust standard errors clustered at the birth year level. The regression
analyses excluded two birth cohorts around the cutoff (cohorts 1958 and 1959).

Discussion

In conclusion, this paper utilized a Fuzzy RDD to investigate the impact of improved
educational attainment on having significant late-life depressive symptoms among rural women
in China. It utilized the sudden end of the Chinese Cultural Revolution as an exogenous variation
- the education experience of rural Chinese women was affected differently based on their year
of birth. Although the first stage results are strong, RD/reduced form and 2SLS results show an
insignificant long-term impact of increased schooling years on having significant late-life
depressive symptoms among the overall rural women population. This is in alignment with
existing literature, which also consistently demonstrates that there is no causal effect of
education on mental health, with various studies targeting specific populations, exploiting
different exogenous events, and employing distinct causal inference methods (Avendano et al.,
2020; Dahmann and Schnitzlein, 2019; Kamhofer et al., 2019; Johansson et al., 2009;
Viinikainen et al., 2018; Kuuppeloméki, 2023).

Heterogenous analysis suggests that more schooling years may have increased the risks for
late-life depression among those who had early-life financial hardship or did not migrate to urban
areas. No difference in significant depressive symptoms was observed among those who did not
experience early-life financial hardship or who migrated to urban areas, though the sample size
of the later group was very small (N=1,195). Although there is no clear evidence from the data,
the probability of a rural Chinese woman migrating to urban areas might have been affected by
the sudden end of the Cultural Revolution as well, thus one should interpret the results of this
non-urbanized subgroup with special caution.

The heterogenous analysis results are quite puzzling since most causal evidence did find that
increased schooling decreases the prevalence of depression (Amin et al.,2023; Feinstein, 2002;
Chevalier and Feinstein, 2006; Sironi, 2012; Demange et al., 2023; Kondirolli and Sunder,
2022a; Kondirolli and Sunder, 2022b; Jiang et al., 2020). However, there are few studies that
found the negative effect of schooling on depression using a similar regression discontinuity
design. Avendano et al. (2017) examined the 1972 compulsory schooling reform in Britain,
which raised the minimum school leaving age by 1 year from age 15-16. The authors found that
additional years of schooling increased the prevalence of depression and other mental health
conditions in adulthood, suggesting forcing struggling students to stay in school can have
unintended negative mental health consequences. Courtin et al. (2019) found that the Berthoin
reform of 1959, a compulsory schooling reform in France increasing the minimum school leave
age by 2 years, did not increase cognitive scores or physical functioning but led to higher levels
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of depressive symptom among women. Although the findings from these two studies are similar
to the findings I have, both studies focused on the European population at a much higher
education level, thus do not serve as good comparisons or references on the reasoning behind the
results we found in the current study.

For rural women in China, it is possible that it was not improved educational attainment but
other mechanisms that caused the increase in risks for late-life depression among the early life
financial hardship and stay and rural subgroups. One explanation can be that education gains
make rural women more aware of opportunities that they could not pursue, either due to family
SES or the lack of opportunity to migrate, thus leading to higher levels of significant depressive
symptoms. Previous studies have found how unrealized occupational goals, unmet educational
expectations, happiness pursuits, and high self-esteem can all lead to depression and decreased
well-being (Baumeister and Heatherton, 1993; Reynolds and Baird, 2010; Mauss et al., 2011;
Hardie, 2014). Another explanation could be that the more educated women are more likely to
report and speak about their depressive symptoms, as some studies have shown that women with
higher education levels have greater depression knowledge and less stigma surrounding
depression than women who were less educated (Corrigan and Watson, 2007; Lopez et al.,
2018). However, none of the existing studies examined how early life and migration factors may
play a role among the specific rural women population. More research evidence exploring these
alternative mechanisms is thus needed to better understand the intricate interplay of education,
early-life financial hardship, migration, and depression.

It is important to note that some other events happened at the same time can have also
affected mental health in later life, thus counteracting the benefit of education and affecting rural
women’s late-life depression through other mechanisms. The Rural School Expansion
Program®’, for example, was one initiative that was implemented during the Cultural Revolution.
Although the quality of teaching was concerning, this program may have increased access to
education among some rural Chinese women, thus increasing their literacy rate and total years of
schooling (Pepper, 1990; Pepper, 2000; Han, 2001; Zhu & Sicular, 2022; Chen et al., 2022).
Therefore, the discontinuous large increase in literacy rates and total schooling years may not
reflect any actual improvement in education. Another event, the Great Famine from 1959 to
1961, caused widespread starvation in China when the treatment cohorts were born, can largely
increase the risk of significant depressive symptoms in later adulthood on the treatment cohorts
who were exposed to the famine in-utero or at an early age (Huang et al., 2013; Ren & Ye; Wang
& Wang, 2022; Lay & Norling, 2020). Therefore, the potential positive long-term impact of
improved educational attainment on late-life depression among the treatment cohorts could be
attenuated by the Great Famine. Although I included an indicator for whether a rural woman was
born during the Great Famine as a control in the regression analyses, it is extremely difficult to
control for all the potential impact of this event on late-life depression. Future research

87 More detailed information on the Rural School Expansion Program can be found in Appendix A.
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exploiting different exogenous events should be conducted to examine the long-term impact of
education on late-life depression.

The study has several additional limitations. First, some literature suggests that between 1966
and 1977, the 5-3-3 school system (5 years of elementary school, 3 years of middle school, and 3
years of high school) changed to a 5-3-2 or 5-2-2 system (5 years of elementary school, 3 or 2
years of middle school, and 2 years of high school), which makes it difficult to determine exactly
what happened to individuals’ education attainment. Also, the study did not consider the
potential impact of birth month on education outcomes. Individuals born in the last quarter of a
year may have one year less schooling compared to those born in the first three quarters, as
September is the cutoff birth date for starting school in the next school year. The fuzziness
resulting from these uncertainties may have resulted in less accurate calculations of educational
attainment and age cut off of the treatment and control cohorts. To address this issue, I excluded
two cohorts near the cutoff (those born in 1958 and 1959) from the regression analysis.

Additionally, the CES-D 10 scale has limitations as an outcome measure for depression,
including self-report bias, a limited scope of assessment, and a lack of clinical diagnosis
capability. Also, its cultural and linguistic appropriateness may vary, and it may not be sensitive
to changes in depression severity especially for the rural Chinese rural women population. Using
a different dataset that has an alternative measure for depression can provide more evidence to
support the results found in this paper. It may also be beneficial for future research to explore
other unconventional data sources.
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Appendix A.

The Great Proletariat Cultural Revolution from 1966 to 1977

In May 1966, the leader of the Chinese Communist Party initiated a 10-year-long Great
Proletariat Cultural Revolution in China, which was one of the largest political upheavals in
history that had a large impact on the education of the Chinese youth. The main aim of the
Cultural Revolution was to eradicate the emerging bureaucratic class, and the campaign relied
heavily upon the mobilization of mass support, particularly among the youth of China. Education
during this period was re-oriented, with a focus on political and ideological education,
combining theory and practice, and sending educated youth to the countryside for re-education.

The Cultural Revolution of 1966 to 1976 can be divided into three major stages (Meng &
Gregory, 2007). The first period, from 1966 to 1968, was marked by a complete suspension of
formal teaching in urban education systems and no new student admissions to educational
institutions. Elementary school students stayed at home, while junior and senior high school and
university students participated in daily political activities. This was the peak of education
disruption in China during this period.

The second period, from around 1968 to 1969, saw the recommencement of primary and
junior high school education. Students who would have normally completed elementary school
from 1966 to 1968 were allowed to continue onto junior high schools, and children aged 7 to 9
were able to begin elementary school. However, standard curricula were not followed, and
students spent much of their school time engaging in manual work in factories and the
countryside. It wasn't until 1970 that normal curricula were gradually resumed at primary and
junior high schools. During this period, formal education at senior high schools remained
suspended.

The third period began in 1972 when senior high schools began recruiting new students
directly from junior high school. However, those who had missed senior high school due to the
Cultural Revolution were not allowed to return to the high school system. The standard school
curricula were gradually resumed throughout the school system, although factory and farm work
remained an important part of the curricula, especially in high schools. Universities began
restricted and small-scale recruitment in 1972, based on political attitudes or family background
rather than on academic merit. From 1972 to 1977, the education system slowly recovered
toward pre-revolutionary norms, and the system was fully functional again when the Cultural
Revolution ended in 1977.

The Rural School Expansion from 1966 to 1977

The Cultural Revolution also gave power to marginalized groups like rural residents,
schoolteachers, and students to question existing educational policies. A group of students and
teachers criticized the county's secondary school policy and created the "Preliminary Educational
Reform Program," which called for village production brigades to establish primary, joint
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middle, and commune high schools (Han, 2001). This policy led to an expansion of primary and
secondary education during the same time period (1966-1976).

Although data for 1966-1970 are unavailable, the significant increase in numbers between
1965 and 1971 suggests substantial growth in schools during that time. For example, national-
level data show that at the beginning of the Cultural Revolution in 1965, there were only 18,102
secondary schools, 0.46 million teachers, and 9.3 million registered students. However, these
numbers increased significantly by 1977 to 201,268 secondary schools, 3.19 million teachers,
and 67.8 million students (National Bureau of Statistics of China, 2010). Official data from the
Ministry of Education show that enrollment in rural secondary schools surged from 3 million in
1965 to 22 million in 1971 and continued to rise, peaking at 50 million in 1977 (Zhu & Sicular,
2022). The progression rates from primary to junior secondary school and from junior to senior
secondary school followed a similar trend, reaching their highest levels in 1976-77, with a
progression rate of 92% to junior secondary and 64% to senior secondary (Zhu & Sicular, 2022).
Nationally, elementary school enrollment increased from 116.21 million in 1965 to 150.01
million in 1976 and middle school enrollment from 9.34 million in 1965 to 67.80 million in 1977
(Pepper, 1990, 2000).

The expansion of rural schools and students in China after the Cultural Revolution was
reversed after 1976 due to policy changes focused on improving the quality of education,
resulting in the closure of many rural secondary schools and the setting of maximum quotas on
rural secondary enrollments. Following Mao's death in 1976 and the end of the Cultural
Revolution, the number of secondary schools decreased by about 50% from 201,000 in 1977 to
102,000 in 1982 (Chen et al., 2022).
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Appendix B.

Based on the historical events explained in the Background section, I created the following
chart that illustrates how rural women born between 1947 and 1970 were affected differently by
those policies and events (see Table 1). Considering the minimal number of rural Chinese
women that could attend colleges in the 1940s, the earliest cohort that could be possibly affected
by the Cultural Revolution was the 1947 cohort who graduated from high school in 1966. The
youngest cohort that could be possibly affected by the Cultural Revolution was the 1970 cohort
who were attending first grade in elementary school in 1977.

In Table B1, all the cohorts that were affected by the Cultural Revolution between 1966 and
1977 are highlighted in orange. Three different intensities of shading represent the three distinct
periods of the Cultural Revolution: 1)1966-68, when schools were closed, and education was
halted; 2) 1969-71, when some schools and education were resumed, but it was heavily focused
on political indoctrination and revolutionary theory over traditional academic subjects; and 3)
1972-77, when there was a renewed emphasis on academic education, and schools began to
reintroduce traditional academic subjects.

The 24 cohorts of rural women born between 1947 to 1970 experienced different levels of
disruption in their education due to these political events, where the birth year of 1959 is an
important threshold separating two groups of rural women whose education opportunities were
influenced distinctly by the sudden end of the Chinese Cultural Revolution in 1977. The six
cohorts before the threshold (cohorts 1953-58) had their education opportunities largely
restricted and disrupted by the Cultural Revolution, while the six cohorts after the threshold
(cohorts 1959-64) experienced negligible influence from the Cultural Revolution on their
education opportunities.
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Table B1. Cohorts of Rural Women Experienced Interruptions on Education

Elementary
Birth Year School Starting
Year

1947 1954 1960 1963

1948 1955 1961 1964 667

Middle School High School High School
Starting Year Starting Year Graduating Year

1949 1956 1962 1965

1950 1957 1963 %66 1969
1951 1958 1964 667 1970
1952 1959 1965 Nio68] 1971
1953 1960 [NiG66 Y 1969 1972
1954 1961 967 1970 1973
1955 1962 iGEe 1971 1974

1956 1963 1969 1972 1975
1957 1964 1970 1973 1976
1958 1965 1971 1974 1977
1950 L 1966 1972 1975 1978
1960 967 1973 1976 1979
1961 Nis6e) 1974 1977 1980
1962 1969 1975 1978 1981
1963 1970 1976 1979 1982
1964 1971 1977 1980 1983
1965 1972 1978 1981 1984
1966 1973 1979 1982 1985
1967 1974 1980 1983 1986
1968 1975 1981 1984 1987
1969 1976 1982 1985 1988
1970 1977 1983 1986 1989

Note: Elementary school started at age 7 for Chinese rural students during this period. Calculations are based on the
5-3-3 education system (5 years of elementary school, 3 years of middle school, and 3 years of high school). Years of
elementary school, middle school, and high school could differ by 1 year based on geographic location.

Three different intensities of shading represent the three distinct periods of the Cultural Revolution: 1)1966-68,
when schools were closed, and education was halted; 2) 1969-71, when some schools and education were resumed,
but it was heavily focused on political indoctrination and revolutionary theory over traditional academic subjects; and
3) 1972-77, when there was a renewed emphasis on academic education, and schools began to reintroduce
traditional academic subjects.
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Appendix C.

Table C1. Detrended Graph Regression Results — Literacy Rates

education level: literate

birth year's distance from 1958 (t) 0.0174***
(0.00479)
age 0.0956
(0.0742)
age-quadratic -0.000794
(0.000631)
born during The Great Famine (1959-1961) = o, -
number of survey waves participated -0.0381***
(0.0134)
mom is illiterate -0.125***
(0.0247)
received mom's love and affection when growing up -0.0162**
(0.00718)
relationship with mom when growing up -0.00270
(0.00877)
dad is illiterate -0.152***
(0.0141)
dad is a farmer -0.191***
(0.0195)
relationship with dad when growing up -0.0161*
(0.00853)
Observations 5,213
R-squared 0.072

Standard errors in parentheses
Hekk p<001, % p<005, * p<01

Table C2. Detrended Graph Regression Results — Literacy Rates

resid literate

time =1 -0.0320
(0.0214)
time =2 0.0201
(0.0208)
time =3 0.0638***
(0.0209)
time =4 -0.00526
(0.0216)
time =6 -0.00841
(0.0231)
time=7 0.0573**
(0.0237)
time =8 0.118***
(0.0231)
time =9 0.133***
(0.0235)
time =10 0.148***
(0.0205)
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time = 11 0.186***

(0.0197)
time =12 0.156***

(0.0205)
Observations 10,438
R-squared 0.028

Standard errors in parentheses
sk p<001, % p<005, * p<01

Table C3. Detrended Graph Regression Results — Total Schooling Years

total schooling years

birth year's distance from 1958 (t) 0.256**
(0.0361)
age 0.425
(0.560)
age-quadratic -0.00344
(0.00476)
born during The Great Famine (1959-1961) = o, -
number of survey waves participated -0.295***
(0.101)
mom is illiterate -0.716***
(0.186)
received mom's love and affection when growing up -0.00178
(0.0542)
relationship with mom when growing up -0.0298
(0.0662)
dad is illiterate -1.160***
(0.107)
dad is a farmer -1.696***
(0.147)
relationship with dad when growing up -0.260***
(0.0644)
Observations 5,213
R-squared 0.090

Standard errors in parentheses
Kk p<001, % p<005, * p<01

Table C4. Detrended Graph Regression Results — Total Schooling Years

resid_schooling

time =1 -0.0686
(0.178)
time =2 0.198
(0.173)
time =3 0.421**
(0.174)
time =4 0.00384
(0.180)
time =6 0.150
(0.192)
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time=7 0.706***

(0.198)
time =8 1.191***
(0.193)
time =9 0.926***
(0.196)
time = 10 1.152%**
(0.171)
time = 11 1.150***
(0.165)
time =12 0.360**
(0.171)
Observations 10,438
R-squared 0.016

Standard errors in parentheses
Hekk p<001, % p<005, * p<01

Table C5. Detrended Graph Regression Results — Significant Late-life Depressive Symptoms

depressed (CES-D 10-item score>=10)

birth year's distance from 1958 (t) -0.00475
(0.00490)
age -0.0587
(0.0760)
age-quadratic 0.000548
(0.000646)
born during The Great Famine (1959-1961) = o, -
number of survey waves participated 0.0311**
(0.0138)
mom is illiterate 0.00545
(0.0253)
received mom's love and affection when growing up -0.00130
(0.00735)
relationship with mom when growing up 0.0264***
(0.00898)
dad is illiterate 0.0542***
(0.0145)
dad is a farmer 0.0637***
(0.0200)
relationship with dad when growing up 0.0195*
(0.00873)
Observations 5,213
R-squared 0.019

Standard errors in parentheses
Hekk p<001, *% p<005, * p<01
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Table C6. Detrended Graph Regression Results — Significant Late-life Depressive Symptoms

resid_depress

time =1 0.0124
(0.0252)
time =2 -0.00874
(0.0246)
time =3 -0.00152
(0.0247)
time =4 -0.0283
(0.0254)
time =5 0.0201
(0.0253)
time=7 0.0245
(0.0276)
time =8 0.0197
(0.0270)
time =9 0.00888
(0.0274)
time =10 0.0270
(0.0243)
time = 11 0.00320
(0.0236)
time =12 0.0264
(0.0243)
Observations 10,438
R-squared 0.001

Standard errors in parentheses
Hekk p<001, % p<005, * p<01
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Appendix D.

Figure D1. Percent of Rural Women with Significant Depressive Symptoms, 1953-1964 Cohorts
[Early Life Financial Hardship Subgroup]
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Figure D2. Percent of Rural Women with Significant Depressive Symptoms, 1953-1964 Cohorts
[Stay at Rural Subgroup]
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Table D1. The Effect of Going Over the 1959 Birth Year Threshold on Having Significant
Depressive Symptoms [Early Life Financial Hardship Subgroup]

(1)
depressed (CES-D 10-item score>=10)

)

@)

born on or after 1959 (post) = 1 -0.0331* 0.0879* 0.117*
(0.0172) (0.0406) (0.0627)
birth year's distance from 1958 (t) -0.00578 -0.00525
(0.00839) (0.0103)
t*post 0.00513 -0.00221
(0.00934) (0.0159)
age 0.0458* 0.00436
(0.0223) (0.0253)
age-quadratic -0.000299 7.08e-05
(0.000199) (0.000229)
born during The Great Famine (1959-1961) -0.0206 -0.0227
(0.0195) (0.0332)
number of survey waves participated 0.0178 0.0349
(0.0163) (0.0204)
mom is illiterate 0.0258
(0.0259)
received mom's love and affection when growing up 0.00680
(0.0152)
relationship with mom when growing up 0.0155
(0.0101)
dad is illiterate 0.0200
(0.0186)
dad is a farmer -0.0294
(0.0184)
relationship with dad when growing up 0.0145
(0.0115)
Constant 0.516** -1.227* -0.231
(0.0157) (0.617) (0.729)
Observations 3,808 3,808 3,315
R-squared 0.001 0.007 0.013

Standard errors in parentheses
Hekk p<001, % p<005, * p<01

Table D2. The Effect of Going Over the 1959 Birth Year Threshold on Having Significant
Depressive Symptoms [Stay at Rural Subgroup]

(1) (2) 3)
depressed (CES-D 10-item score>=10)

born on or after 1959 (post) = 1 -0.0326 0.111** 0.0747**
(0.0202) (0.0256) (0.0239)
birth year's distance from 1958 (t) -0.0171* -0.0126
(0.00834) (0.00994)
t*post 0.0146 0.0137
(0.00877) (0.0113)
age 0.0551** 0.0317
(0.0192) (0.0261)
age-quadratic -0.000399** -0.000203
(0.000172) (0.000236)
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born during The Great Famine (1959-1961) -0.00705 0.00471

(0.00438) (0.00902)
number of survey waves participated -0.0140 -0.00614
(0.0115) (0.0123)
mom is illiterate 0.0402
(0.0242)
received mom's love and affection when growing up -0.00101
(0.0106)
relationship with mom when growing up 0.0266*
(0.0122)
dad is illiterate 0.0486*
(0.0235)
dad is a farmer 0.00751
(0.0307)
relationship with dad when growing up 0.00364
(0.0141)
Constant 0.468** -1.388** -0.856
(0.0183) (0.566) (0.766)
Observations 6,985 6,985 5,899
R-squared 0.001 0.008 0.014

Standard errors in parentheses
Hekk p<001, % p<005, * p<01
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Policy Implications

Overall, a convergence of being female, having rural origin, and having an older age puts
rural Chinese women at an alarmingly high risk of late-life depression. However, this urgent
mental health crisis of rural Chinese women in their middle and senior years is largely
overlooked and requires greater action. This demands greater attention and resources from
government agencies, public health organizations, and society as a whole. Drawing from the
study's insights, I recommend addressing this important issue through a multifaceted and
integrated approach that involves the following components.

The first recommendation targets increasing awareness and removing stigma related to
depression and mental health. In rural China, social stigma and lack of mental health awareness
prevent many from seeking help, and rural aging women, often isolated and forgotten, continue
to suffer from depression in silence. Recommendations for addressing mental health stigma
among rural women in China include initiating culturally tailored awareness campaigns through
community workshops and local media outlets, integrating mental health education into school
curricula and primary healthcare systems, and training of local health workers and community
leaders on mental health knowledge. Mental health support services at rural health clinics and via
telemedicine should also be integrated into existing healthcare structures, offering simple
counseling services and raising awareness to diminish the stigma surrounding mental health
issues in rural communities.

The second is to implement free health screenings for depressive symptoms, with a
specific emphasis on vulnerable populations identified in the study—those that have lower levels
of education, have low early-life SES, or non-urbanized; as well as those grappling with poor
self-reported health, mobility limitations, a history of arthritis, challenges associated with ADLs,
adverse early life conditions. These screenings can be integrated with the existing population
census survey by incorporating a few targeted questions. This amalgamation of screenings with
census surveys offers a practical and cost-effective approach. It not only leverages existing
infrastructure but also ensures a comprehensive dataset, providing robust data that enables more
in-depth research into the mental health dynamics of this demographic, and facilitating evidence-
based policymaking.

The third is to take a proactive approach to increase healthcare access and reduce
physical health challenges. Targeted programs should be established in rural areas to address
mobility limitations and provide enhanced support for those with a history of arthritis and facing
challenges in ADLs. This entails providing home healthcare facilities and services, implementing
caregiver training programs, and introducing digital access. Simultaneously, initiatives for
arthritis prevention and management, such as awareness campaigns, early diagnosis, and
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improved access to treatment and rehabilitation services, must be developed and promoted to
address the specific health concerns of rural women.

Finally, as a foundation for informed policymaking, high quality data is indispensable.
Policymakers should allocate sustainable funding for research and data collection on late-life
depression, especially on marginalized groups within rural women, such as ethnic minorities and
those who live in inaccessible geographic locations. The current data on late-life depression is
extremely limited and prohibits researchers from further studying this important topic. Data
collection on late-life depression and mental health can also be integrated with the existing
population census survey and free health screening process. Regular data collection, thorough
analysis, and established mechanisms for policy evaluation and feedback on this important issue
will collectively contribute to ongoing efforts to understand and address depression risk factors
in middle-aged and elderly rural Chinese women.
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