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ABSTRACT: Objectives: In recent years, mental health has emerged as a pressing public health concern in China,
driven by mounting societal pressures and fast-paced urban lifestyles. Physical activity, a well-established means
of enhancing psychological well-being, has received growing scholarly and policy attention. This study uses panel
data from the 2020 and 2022 waves of the China Family Panel Studies (CFPS) to examine the impact of exercise
frequency on mental health (with indicators such as CESD-8 depression scores) among college students and young
employees, thereby providing empirical support for targeted mental health interventions. Methods: This study
examines the relationship between individual exercise frequency and mental health among college students and young
employees, using panel data from the 2020 and 2022 waves of the China Family Panel Studies (CFPS), with the Chinese
version of the 8-item Center for Epidemiologic Studies Depression Scale (CESD-8) depression scores, self-rated health,
and life satisfaction as outcome variables. Specifically, this study tests three hypotheses: (H1) increased exercise
frequency significantly reduces depression symptoms and enhances well-being; (H2) the effects of exercise vary
by social roles, with stronger mental health benefits among employed individuals and those with lower education;
and (H3) lifestyle factors such as smoking amount, sleep duration, and Body Mass Index (BMI) partially mediate the
relationship between exercise and mental health. Employing a two-way fixed effects model, baseline results indicate
that a one-unit increase in exercise frequency significantly reduces the CESD-8 score by 0.183 points. To address
potential endogeneity and spurious regression concerns, an instrumental variable (IV) approach is further applied.
The heterogeneity analysis differentiates between students and employed individuals. Results: Among students,
the effects of exercise on mental health are not statistically significant, regardless of education level. In contrast, for
the employed, exercise demonstrates a significant positive impact on mental health, with particularly pronounced
effects among those with lower educational attainment. These findings underscore the importance of promoting
exercise as part of comprehensive mental health strategies. Mediation analysis indicates that the beneficial effect of
exercise on mental health is partially transmitted through reductions in adverse health behaviors, especially smoking.
Conclusions: Policymakers should integrate physical activity promotion into health interventions, prioritizing
vulnerable groups to enhance psychological resilience and foster inclusive, health-oriented development.
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1 Introduction

In recent years, mental health has gained increasing attention, especially since the outbreak of
COVID-19 in 2019. Beyond its physical and economic impacts, the pandemic has triggered widespread
psychological distress. Studies show a significant rise in mental health problems such as depression, anxiety,
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stress, and insomnia. Hossain et al. found that people affected by COVID-19 often suffer from emotional
disturbance, panic attacks, and even suicidal behavior [1–3]. These issues are linked to factors like age,
health status, media exposure, and lack of support. Wu et al. [4] further revealed that around one-third
of people experienced depression or anxiety during the pandemic, with higher risks among patients, the
quarantined, and those with chronic illness. Social isolation also worsens mental well-being, especially for
the elderly and children [5–8]. Beyond the general population, recent evidence shows that among 18,629
freshmen at a university in Chengdu from 2020 to 2023, the prevalence of depression averaged 30.39%, with
academic and employment pressures identified as significant contributing factors [9]. At the same time,
intensified job market competition in China has pushed many recent graduates to pursue further education,
while youth unemployment rates exceeding 20% have created substantial psychological stress for the newly
employed [10]. Altogether, these findings suggest a “mental health crisis” running parallel to the pandemic,
with young people and students representing high-risk groups, calling for urgent attention.

Existing studies generally support the idea that physical activity improves mental health. AL
Mutlaqah [11] found that both aerobic and resistance exercises are linked to reduced symptoms of depression,
anxiety, and Post-traumatic stress disorder (PTSD) [12,13], largely through neurobiological and behavioral
mechanisms. Similarly, Pujari [14] emphasized that physical activity enhances mood and emotional
well-being by improving blood flow and reducing oxidative stress. Kpame and Richard [15] also showed
that moderate aerobic exercise, such as walking and cycling, is associated with better self-esteem and lower
depressive symptoms. However, these studies mainly rely on theoretical discussion, lacking empirical
evidence on real-world outcomes—highlighting a gap this study aims to address. Although most of these
studies are theoretical, some empirical research has also provided evidence for the mental-health benefits of
exercise. For instance, Sharma et al. [16] reviewed clinical observations suggesting that moderate aerobic
activity effectively reduces anxiety and depressive symptoms. However, though these reaserches, supportive
of the positive association between exercise and mental health, they rely on dated or cross-sectional data and
lack rigorous tests for endogeneity and causal mechanisms, highlighting the need for updated panel-based
evidence.

This paper investigates the causal effect of exercise frequency on mental health outcomes using
nationally representative panel data from the China Family Panel Studies (CFPS) in 2020 and 2022 [17].
We adopt a comprehensive empirical strategy that combines two-way fixed effects models, instrumental
variable (IV) estimation, and heterogeneity analysis to validate the robustness and mechanisms of the
observed relationship. Depression scores (CESD-8), self-rated health, and life satisfaction serve as the
primary measures of psychological well-being. The baseline results from the fixed effects model suggest that
increased exercise frequency significantly alleviates depression symptoms. To address potential endogeneity
caused by reverse causality or omitted variable bias, we employ two exogenous instruments—urban green
space per capita and the number of extreme temperature days. Heterogeneity analysis further demonstrates
that the psychological benefits of physical activity are more pronounced among employed individuals and
those with lower educational attainment, while students and highly educated individuals experience smaller
gains. These empirical strategies collectively confirm both the effectiveness and transmission channels of
physical activity in improving mental well-being. We also employed smoking, sleep, and BMI as mediating
variables, and the results confirmed the mediating effect of daily cigarette consumption on exercise and
mental health.

The remainder of this paper is organized as follows. Section 2 reviews the relevant theoretical
background. Section 3 introduces the dataset and details the empirical model used for analysis. Section 4
documents the regression results, as well as endogenous treatment, heterogeneity examination. Section 5
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provides a concise summary of the main conclusions. Finally, Section 6 offers policy recommendations
informed by current events and discusses prospects for future research.

2 Literature Review

2.1 Factors Influencing Mental Health

Mental health is influenced by awide spectrum of factors extending beyond biological and psychological
mechanisms. For adults—particularly college students and young professionals—mental well-being is
shaped by a combination of individual characteristics, family structure, living and social environment, and
psychological and physiological mechanisms. Understanding these dimensions is essential for identifying
population-specific vulnerabilities and for justifying the study’s focus on this demographic group.

2.1.1 Individual Characteristics

Individual attributes such as age, gender, education level, and socioeconomic status significantly
affect mental health. For example, research indicates that young adults are more vulnerable to external
stressors, especially during phases of occupational instability and role transitions [18–21]. Those with
poorer economic conditions are also more likely to experience anxiety and depression [22,23]. For college
students, academic pressure and identity issues are primary psychological risk factors, whereas working
adults are more affected by workload and occupational burnout [24,25] Healthy lifestyle behaviors, such as
regular exercise, a balanced diet, and sufficient sleep, further contribute to mental well-being and modulate
individual susceptibility to stress. These differences suggest that mental health research should account for
variation by age and social role.

2.1.2 Family Structure

Family environment forms an important social foundation for adult mental health. Individuals from
supportive families tend to exhibit greater psychological resilience, while family conflict or divorce may
increase the risk of mental disorders. Studies show that emotional support and stable intimate relationships
can buffer the negative effects of stress, whereas their absencemay exacerbate loneliness and anxiety [26–30].
For university students, parental expectations and the quality of family communication directly influence
psychological adaptation; for working adults, marital quality and family responsibilities play key roles in
psychological balance.

2.1.3 Living and Social Environment

The living environment encompasses study, work, housing conditions, and social support systems.
College students commonly face academic competition and social comparison, while working adults contend
with job intensity, role conflict, and lack of social support [24,31–33]. The quality of social relationships,
sense of community engagement, and perceived environmental safety have all been shown to correlate
closely with mental health. Moreover, accelerated urban life and increasing social isolation have become
significant sources of psychological stress for modern adults.

2.1.4 Psychological and Physiological Mechanisms

At the psychological level, self-esteem, self-efficacy, and coping strategies determine how individuals
adapt to stress [22]. Physiological mechanisms—such as neurotransmitter regulation, genetic differences,
and chronic health conditions—also affect mental states [26,34]. For instance, chronic illnesses not only
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impose physical burdens but may also trigger anxiety and depression. These psychological and physiological
factors interact to shape individual mental health trajectories.

2.2 The Role of Exercise Frequency in Mental Well-Being

Building on the understanding that both biological vulnerabilities and psychological processes influence
mental health, frequent physical activity has emerged as a significant protective factor. According to
Wanjau et al., regular exercise is consistently associated with lower levels of depression and anxiety, with
evidence suggesting a probable causal relationship between physical inactivity and the onset of these
disorders [35]. Hallgren et al. found that even modest exercise—such as engaging in physical activity
one to two times per week—was associated with significantly lower odds of experiencing symptoms of
depression and anxiety compared to inactivity [36]. The mechanisms behind these benefits appear to
be twofold: biologically, exercise enhances neuroplasticity, balances neurotransmitters, and regulates
stress hormones, while psychologically, it bolsters self-esteem, emotional coping, and resilience [37–39].
Thus, exercise frequency effectively bridges the biological and psychological domains, offering a practical
strategy to mitigate genetic predispositions, neurochemical imbalances, stress related to chronic illness,
and maladaptive cognitive or emotional patterns.

2.3 Gaps in the Existing Literature

Based on the four studies utilizing the China Family Panel Studies (CFPS) data to examine the
relationship between physical activity and depression [40–43], several important gaps in the existing
literature can be identified.

First, while Gong et al. [40] explored mediation effects via self-rated health and life satisfaction, their
reliance on cross-sectional data from a single wave (2020) limits the ability to infer causal relationships
or dynamic patterns over time. Second, Ren et al. [41], Employing a larger 2016 sample and addressing
endogeneity through fixed effects andmatching techniques, found that physical activity significantly reduces
depression, with stronger effects among older and more educated individuals. However, the study mainly
focused on average treatment effects without examining underlying mechanisms and relied on a single
cross-sectional wave, limiting causal and dynamic inferences. Chen et al. [42], using CFPS data from 2016,
2018, and 2020 with fixed effects and cross-lagged panel models, examined the bidirectional relationship
between physical activity and depressive symptoms in older adults, finding that exercise reduced depression
while depression in turn lowered subsequent physical activity. Nevertheless, the study was limited to
older adults and lacked heterogeneity analysis across subgroups, restricting the generalizability and depth
of its findings. Also, due to data limitations, it wasn’t until 2018 that the more scientifically rigorous
CESD-8 questionnaire for assessing mental health status became available, resulting in an inherent data lag.
Lastly, Gu [43] based on 2020 CFPS data, they found that lower frequency and shorter duration of exercise
significantly increased the risk of depression among adolescents, while moderate exercise and housework
were both associated with lower depression levels. Yet the study relied on a single cross-sectional wave and
did not capture causal direction or heterogeneity mechanisms, limiting the robustness and explanatory
power of its conclusions.

In addition to CFPS-based studies, several international works have examined the link between
physical activity and mental health among younger populations, offering valuable insights yet leaving
notable research gaps.

First, Ekeland et al. [44] conducted a Cochrane systematic review of 23 randomized controlled trials
(RCTs) involving 1821 children and adolescents, concluding that exercise can improve self-esteem in
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the short term. However, most included trials were small-scale and of low methodological quality, with
limited follow-up and inconsistent measures of psychological well-being. Consequently, the evidence for
sustained or long-term mental health benefits remains weak. Second, Carter et al. [45] implemented an
RCT testing a preferred-intensity aerobic exercise program for adolescents with depression. While findings
indicated improved depressive symptoms and quality of life, the study’s small sample size (n = 158) and
narrow age range (14–17 years) constrained its external validity, limiting generalization to young adults
or broader population contexts. Finally, Pascoe et al. [46] conducted a scoping review of 30 controlled
trials exploring physical activity as a mental health promotion strategy for young people. They found that
both moderate-to-vigorous and light-intensity activities can alleviate anxiety and depressive symptoms.
Yet, the evidence base was fragmented and methodologically heterogeneous, with few longitudinal or
causal designs, preventing strong conclusions about the duration and persistence of effects. Taken together,
these studies highlight that despite substantial attention to the relationship between physical activity and
youth mental health, existing empirical research remains limited in scope, duration, and representativeness.
Particularly, there is a lack of large-scale, longitudinal, and causally oriented analyses that can generalize
findings to diverse social and demographic contexts.

Building on these findings, our research draws on a larger number of observations to enhance statistical
power and robustness. In addition, we focus on a persistently active group to explore the sustained impact
of exercise, and employ instrumental variable (IV) techniques alongside mediation analysis to better address
potential endogeneity and uncover underlying pathways. These enhancements aim to improve causal
inference and provide more nuanced insights into the relationship between exercise frequency and mental
health.

2.4 Research Hypotheses

Exercise has been widely recognized as a significant determinant of mental health, but the mechanisms
and population heterogeneity remain underexplored. To address this gap, we ground our hypotheses in
established psychological and behavioral theories.

H1: Direct Effect of Exercise on Mental Health
According to Self-Determination Theory (SDT) [47], exercise satisfies basic psychological needs of

autonomy, competence, and relatedness, enhancing intrinsic motivation and well-being. Meanwhile, Social
Cognitive Theory (SCT) [48] suggests that exercise strengthens self-efficacy and perceived behavioral
control, which positively influence emotional regulation. Resilience theory [49–51] further posits that
repeated engagement in adaptive behaviors, such as regular physical activity, enhances an individual’s
ability to cope with stress and reduce depressive symptoms. Empirical evidence shows that aerobic and
resistance exercises improve mood, self-esteem, and emotional regulation [11,14]. Based on this theoretical
framework, we propose:

H1: Increased exercise frequency significantly reduces depression symptoms and enhances well-being.

H2: Heterogeneity by Social Roles
Stress-buffering theory [52] posits that social roles and resources moderate the impact of stress

on mental health. Employed individuals may leverage exercise to buffer occupational stress, while
students often experience academic pressures that can reduce the psychological benefits of physical activity.
Lower-educated groups may have fewer alternative coping strategies, amplifying the relative mental health
gains from exercise [15,53,54]. Accordingly, we hypothesize:
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H2: Employed individuals and those with lower education exhibit stronger mental health responses to exercise
than students or highly educated groups.

H3: Mediating Role of Lifestyle Factors
The Health Belief Model (HBM) [53–56] suggests that personal beliefs about health behaviors, including

perceived benefits and barriers, influence engagement and subsequent outcomes. Lifestyle factors, including
sleep duration, daily cigarette consumption, and Body Mass Index (BMI), remain theoretically plausible
and supported by existing literature. First, the relationship between exercise and unhealthy behaviors,
such as smoking, has been documented in the health behavior substitution literature, suggesting that
increased physical activity may reduce tobacco dependence, thereby lowering the risk of anxiety and
depression [57–59]. Second, sleep duration is widely recognized as a crucial physiological process for
bodily recovery and emotional regulation, and physical activity may indirectly improve mental health by
enhancing sleep patterns [60–62]. Finally, BMI serves as an important indicator of overall body weight
and health status, and its association with mental health is well established, particularly in cases where
abnormal weight may trigger self-image concerns and psychological distress [63–66]. Therefore, despite
the lack of statistical significance in the current sample and model specifications, these mediators may still
play meaningful roles in other contexts, warranting further investigation in future research. Therefore, we
propose:

H3: Lifestyle factors such as sleep duration, smoking amount, and BMI partially mediate the relationship
between exercise and mental health.

3 Data and Methodology

3.1 Data

3.1.1 Inclusion Criteria and Exclusion Criteria

Inclusion Criteria

1. Population Eligibility: Participants aged 18–44 years, covering two core groups: students (including
high school/secondary technical school/technical school/vocational high school students and
undergraduate students) and employed individuals (including workers without university education,
junior college graduate workers, bachelor’s graduate workers, and master/doctor graduate workers).
This age range focuses on young adults facing typical life-stage pressures such as academic demands
and career adaptation, which aligns with the study’s focus on mental health in high-risk young
populations.

2. Data Completeness: Individuals with complete data for core variables, including:
(1) Outcome variables: Valid CESD-8 depression scores, CESD-20 depression scores, self-rated health

status (HEALTH), and life satisfaction (LSATIS).
(2) Explanatory variable: Exercise frequency (EXER) as measured by the CFPS questionnaire on

physical activity participation over the past year.
(3) Instrumental variables: Provincial-level per capita urban green space area (GREEN) and number

of extreme temperature days (WEATHER).
(4) Mediating variables: Sleep duration (SLEEP), daily cigarette consumption (SMOKE), and body

mass index (BMI).
(5) Control variables: Age (AGE), gender (MALE), urban/rural classification (URBAN), highest

educational degree (EDU), and number of family members (FML).
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3. Survey Wave Participation: Participants included in both the 2020 and 2022 waves of the China Family
Panel Studies (CFPS), ensuring panel data consistency for longitudinal analysis.

4. Valid Mental Health Assessments: Participants with valid CESD-8 or CESD-20 scores, with raw data
converted from the original 1–4 scale to the standard 0–3 scale to align with the original Center for
Epidemiologic Studies Depression Scale (CES-D) specifications.

Exclusion Criteria

1. Age Exclusion: Individuals under 18 years or over 44 years old, as the study focuses on young adults.
2. Missing Core Data: Participants with missing values in any core variable (outcome, explanatory,

instrumental, mediating, or control variables) to avoid bias from incomplete observations.
3. Special Population Exclusion: Graduate students (master’s/doctoral candidates) are excluded due to

insufficient sample size.
4. Invalid Responses: Participants with logically inconsistent or extreme values (e.g., height < 30 cm or

>240 cm, weight < 30.0 jin or >300.0 jin, sleep duration < 0.5 h or >24 h, daily cigarette consumption >
100 cigarettes) are excluded to ensure data reliability.

5. Non-Target Social Roles: Individuals not classified as either students or employed are excluded, as the
study’s heterogeneity analysis focuses on these two core social roles.

3.1.2 China Family Panel Studies

Data from CFPS 2020 and 2022 were used in this study. The China Family Panel Studies (CFPS) is a
national, comprehensive, and continuous social tracking survey program designed and implemented by the
Institute of Social Science Survey Center (ISSS) at Peking University. The program aims to provide high-quality
microdata support for academic research and public policy analysis by collecting multi-dimensional data
on economic, health, education, and demographic characteristics of Chinese families and individuals over a
long period of time. The data is tracked every two years and the survey covers a representative sample of 25
provinces across China. The data covers multiple modules and is suitable for multidisciplinary research in
economics, sociology, public health, and other disciplines. Up to the current study, CFPS has released the
results of seven surveys in 2010, 2012, 2014, 2016, 2018, 2020, and 2022 [67]. The CFPS data has become one of
the core databases for researching the behavior of families and individuals in China because of its national
representativeness, tracking design, and richness in health and socioeconomic variables. This study uses
CFPS 2020 and 2022 data for research based on the following two aspects. First, selecting the most recent data
can make this study current and reflect the current state of people’s mental health. Second, the data covers
the main research subjects of this paper, i.e., the college student population and the working population.

Our core explained variable in the study was mental health, as measured by the CESD-8 and CESD-20.
The CESD-8 and CESD-20 are both derived from the CES-D (Center for Epidemiologic Studies Depression
Scale), a depression scale developed by the U.S. National Institute of Mental Health to assess depression
symptoms experienced by the general population in the Depression symptoms experienced by the general
population in the last week. The CESD-20 is the full version and consists of 20 questions covering a variety
of emotional, cognitive, behavioral, and physical dimensions, each scored on a four-point scale (0–3). The
total score ranges from 0–60, with higher scores indicating poorer mental status, and a score of 20 or greater
is often used as a screening criterion for risk of depression [17]. In contrast, the CESD-8 is a simplified
version. Only eight representative questions are retained for rapid screening of depressive symptoms,
making it particularly suitable for use in large population-based surveys. The CESD-8 can be scored on
the same four-point scale as the CESD-20. The total score ranges from 0–24, and a score greater than or
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equal to 8 is generally used as a basis for determining the possible presence of depressive symptoms [68].
Both instruments have good reliability and validity, with the CESD-20 being more precise and suitable for
detailed studies and international comparisons, while the CESD-8 has been widely used in large-scale social
surveys in China and other countries because of its simplicity and efficiency.

In the CFPS 2020 and 2022 databases used in this study, the CESD-8 measurements were provided. The
CESD-20 scores in the database were calculated from the CESD-8 data. The official document explains that
during the survey, they chose a random 1/5 of the sample of the respondent population to remain extended
with CESD-20, leaving 4/5 of the sample with CESD-8 [67]. Based on this design, the data processors equated
the scores of the suite of questions at a later stage, using the method of percentile equating (equipercentile
equating), to generate a comparable score, CESD-20. This score maintains the scoring range of the CESD-20
and is also comparable to the CESD-20 scale scores. Therefore, we used both CESD-8 and CESD-20 as the
core explanatory variables in our study. What’s more, the single-question scores in the original CES-D
scale took values between 0–3, whereas the single-question scores in the CFPS dataset took values between
1–4, which made the total score range of the CES-D in the CFPS inconsistent with that in the original
literature [17]. We transformed this by converting the single-question take values from 1–4 to 0–3 to make
them consistent with those in the original scale.

In Table 1 We can see that a total of 18,604 respondents provided valid CESD-8 and CESD-20 scores.
The mean of CESD-8 is 5.53 with a standard deviation of 3.74. The mean of CESD-20 is 13.12 with a standard
deviation of 7.41. From the fact that the means of CESD-8 and CESD-20 are lower than 8 and 20, we can see
that the overall average mental health status of the respondents is relatively good. The overall average
mental health status is relatively good. If we use 8 and 20 as the cutoff, we can find that about 80% of the
population is free from mental illness.

Table 1: Summary Statistics.

Variables Annotation Obs Mean SD Min Max

I. Individual Level
CESD8 Center for Epidemiologic Studies Depression Scale-8 18,604 5.53 3.740 0 24
CESD20 Center for Epidemiologic Studies Depression Scale-20 18,604 13.12 7.410 2 52
HEALTH Self-Reported Health Status 18,604 2.580 1.010 1 5
LSATIS Life Satisfaction 18,604 3.870 0.890 1 5
EXER Exercise Frequency 18,604 1.590 2.060 0 7

SCHOOL Attending School = 1 18,604 0.110 0.310 0 1
EMPLOY Working Status 16,787 1.225 0.679 0 3
UNIVER Whether Attending College or not 18,604 0.060 0.230 0 1
AGE Age of the Individual 18,604 31.64 7.210 18 44
MALE Male of the Individual (Male = 1) 18,604 0.500 0.500 0 1
URBAN Urban and Rural Classification (Urban = 1) 18,604 0.570 0.500 0 1
EDU Highest Academic Degree 18,317 4.753 1.579 0 10
FML Number of Family Members 18,604 4.310 2.110 1 16
SLEEP Sleep Duration 13,835 7.553 1.138 0.5 24
SMOKE Daily Smoking Amount 4970 12.634 8.146 1 80
BMI Body Mass Index 17,293 23.161 3.589 8.081 47.750
YEAR Year 18,604 2021 1.000 2020 2022
HSS High School/Secondary Technical School/Technical

School/Vocational High School Student = 1 18,604 0.041 0.198 0 1
UGS Undergraduate Student = 1 18,604 0.050 0.220 0 1
WNU Worker without University Education = 1 18,604 0.523 0.499 0 1
JCGW Junior College Graduate Worker = 1 18,604 0.118 0.322 0 1
BGW Bachelor’s Graduate Worker = 1 18,604 0.113 0.317 0 1
MDGW Master/Doctor Graduate Worker = 1 18,604 0.019 0.135 0 1

II. Provincial Level
PROVCD Province 18,604 38.62 15.69 11 65
GREEN Area of Urban Green Space Per Capita 18,604 23.75 13.77 10.86 69.74

WEATHER Days above 30 Degrees and below 0 Degrees 18,604 156.8 48.21 21 235
Footnote: Obs: Observations; SD: Standard Deviation.
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3.1.3 Exercise Frequency

In the Chinese Family Panel Studies (CFPS), frequency of exercise is a core behavioral variable used
to quantify the regularity of an individual’s participation in physical activity. This variable was obtained
through questionnaires and mainly reflects the number of times respondents participated in physical activity
during a specific time period. Exercise frequency is an important variable for measuring individual physical
activity behavior, and was obtained by asking respondents, “How often have you participated in physical
fitness activities in the past year? Categorical options are usually used (e.g., “less than once a month on
average”, “more than once a month but less than once a week on average”, “1–2 times a week on average”,
“3–4 times a week on average”, “5 times a week or more on average”, “1 time a day”, “twice a day or more”,
“never attend”, These options are coded from 1 to 8.).

In the course of the study, we recoded the frequency of exercise variable in the original data in order
to facilitate the quantitative analysis and ensure the logical consistency of the variable values. Specifically,
we reassigned the option “never participate in sports”, which was originally coded as 8 in the questionnaire,
to 0. This conversion was based on the following considerations: first, in terms of numerical meaning, 0 can
more intuitively reflect the actual situation of a complete lack of sports behavior. The remaining category
codes remain unchanged, so the exercise frequency codes have been adjusted from the original 1–8 to 0–7.
Secondly, this conversion makes the variable show a monotonically increasing trend. That is, the larger
value represents the higher frequency of exercise, thus ensuring a clearer and more explicit interpretation
of the direction of the coefficients in the subsequent regression analysis. As can be seen from Table 1, the
mean of EXER is 1.59, and the variance is 2.06. More than half of the observed subjects never participate
in sports.

3.1.4 Instrumental Variable

Urban Green Space Area

In this paper, urban green space per capita (GREEN) is selected as an instrumental variable, and the
data are obtained from the National Bureau of Statistics (NBS). Urban green space area (GREEN) refers
to the sum of all kinds of green space within the urban administrative area, including park green space,
production green space, protection green space, subsidiary green space, and other green space. These green
areas are mainly characterized by vegetation cover and have various functions such as ecological regulation
and recreation. Its calculation usually covers the vertical projection area of trees, shrubs, lawns, and other
plants, as well as the area occupied by waters and other supporting landscape facilities, but does not include
special forms such as rooftop greening and vertical greening [69]. Urban green space area is an important
indicator of the ecological quality and livability of a city, and one of the key data for urban planning and
management.

In this study, the use of urban green space per capita as an instrumental variable is mainly based on
the following logic: first, green space is closely related to exercise behavior. This is because more parks,
greenways, and open spaces will improve the accessibility and convenience for residents to engage in
outdoor exercise, thus increasing the frequency of exercise [70]. Second, urban green space area is usually
determined by urban planning policies, land management, or natural geographic factors rather than as a
direct result of an individual’s mental health status, and is therefore better exogenous [71].

In our study, we use data on provincial green space area. In order to make the data expression more
precise as well as to reduce the error in the regression, we transformed the data into green space area per
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capita. In Table 1, we can see that the mean of green space area per capita is 23.75 hectares/person, and the
standard deviation is 13.77 hectares/person.

Number of Days with Extreme Temperatures

We chose the number of extreme temperature days (WEATHER) as our other instrumental variable. In
this paper, we select the temperature data measured by the National Center for Environmental Information
(NCEI) under the National Oceanic and Atmospheric Administration (NOAA). Dailymaximum andminimum
temperature data from all meteorological observation stations involved in each year are combined and
processed according to the year, and the China-wide stations are extracted [72]. The unit of data was also
converted from degrees Fahrenheit (◦F) to degrees Celsius (◦C) to obtain the daily maximum as well as
minimum temperature data from the meteorological stations nationwide. The day-by-day minimum and
maximum temperature rasters within the administrative boundaries of prefecture-level cities were then
averaged to obtain the day-by-day minimum and maximum temperatures at the provincial level.

In this study, the number of extreme temperature days is defined as the sum of days in a year when the
daily temperature exceeds 30◦C or the daily temperature is below 0◦C. This indicator can objectively reflect
the frequency and intensity of regional extreme temperature events. Among them, hot weather above 30◦C
easily triggers heat stress response and significantly reduces the willingness of residents to participate in
outdoor activities. In contrast, severe cold weather below 0◦C causes travel inconvenience and increases
exercise risk. These two temperatures can effectively distinguish the effects of regular and extreme weather
on human behavior. By counting the cumulative number of days that reached these two thresholds in each
city over the years, a continuous variable reflecting temperature extremes can be constructed to provide a
quantitative basis for analyzing the constraints of climatic conditions on exercise behavior.

The number of days with extreme temperatures can be a valid instrumental variable for studying
the causal relationship between exercise and mental health because it fulfills two core conditions for an
instrumental variable [73]. First, there is a significant correlation between extreme temperatures and
exercise behavior. High and cold weather directly inhibits people’s willingness to exercise outdoors and
reduces the actual exercise frequency [74]. Second, the number of extreme temperature days is determined
by the natural climate and is characterized by exogeneity. Weather variability is not influenced by an
individual’s mental health status or exercise habits, ruling out reverse causality [75]. This instrumental
variable provides a natural experiment-style analytical framework for identifying causal effects of exercise
on mental health. Table 1 shows that the weather data has a mean of 156.8 days and a standard deviation of
48.21 days, suggesting that on average, around 40% of the year is unsuitable for outdoor exercise.

This study adopts provincial-level data to incorporate two instrumental variables—per capita green
space area and the number of extreme temperature days—into the database for matching analysis. Given the
inaccessibility of county-level data in the CFPS database, the use of provincial-level data not only effectively
addresses data availability issues but also further enhances the robustness of the model, rendering the
research conclusions more practically meaningful and referential.

3.1.5 Mediating Variable

Sleep Duration

Sleep duration (SLEEP) was selected as a mediating variable between exercise frequency and mental
health. In this study, the data on individuals’ sleep time were obtained from the Q403 series of questions in
the CFPS questionnaire. The question was “What time do you usually go to bed at night?”. The question
was split into two specific subsections: the Q403A recorded “hours” (0–24 pm) of time to fall asleep, and
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the Q403B recorded “minutes” (0–59 min). A 24-h format was used for all times to ensure uniformity of
data. If a respondent had more than one period of sleep, the survey asked him or her to report the period of
sleep that lasted the longest.

Daily Cigarette Consumption

Daily cigarette consumption (smoke) was selected as a mediating variable between exercise frequency
and mental health. In this study, the data on individuals’ daily cigarette use were obtained from the Q202
series of questions in the CFPS questionnaire. The question was “How many cigarettes do you smoke on
average per day?”. Respondents were asked to provide a number between 1 and 100. If a respondent did not
smoke, a value of 0 was recorded. This variable was used to capture the potential behavioral substitution
effect of exercise on smoking, which may influence psychological well-being.

Body Mass Index (BMI)

BMI was selected as a mediating variable to capture the potential physiological pathway between
exercise frequency and mental health. In this study, data on height and weight were obtained from the
P101 and P102 series of questions in the CFPS questionnaire. P101 asked “What is your current height in
centimeters?”, and respondents were instructed to provide an integer value between 30 and 240 cm. P102
asked “What is your current weight in jin?”, and respondents provided a value between 30.0 and 300.0 jin,
recorded with one decimal place. Height in centimeters was converted to meters, and weight in jin was
converted to kilograms (1 jin = 0.5 kg) to calculate BMI using the standard formula.

3.2 Methodology

In this study, we used a two-way fixed-effects model to analyze the relationship between exercise
frequency and mental health as follows:

𝑌𝑖𝑝𝑡 = 𝛼1 + 𝛽1𝐸𝑋𝐸𝑅𝑖𝑝𝑡 + 𝑋
′

𝑖𝑝𝑡𝛾 + 𝜇𝑝 + 𝜆𝑡 + 𝜀𝑖𝑝𝑡 (1)

where 𝑖 represents individual, p denotes province, and 𝑡 stands for survey year. y stands for the explained
variable mental health, which is mainly measured by CESD-8, CESD-20 in our study. We also used
Self-Reported Health Status and Life Satisfaction to measure it. EXER represents the explanatory variable
exercise frequency. 𝜇𝑝 and 𝜆𝑡 represent province and year fixed effects, respectively, to exclude time and
regional variations.

We further used the instrumental variables approach for estimation and the models are as follows:

𝐸𝑋𝐸𝑅𝑖𝑝𝑡 = 𝛽0 + 𝛽1𝑍𝑝𝑡 + 𝑋

′

𝑖𝑝𝑡
𝛾 + 𝜀𝑖𝑝𝑡 (2)

𝑌𝑖𝑝𝑡 = 𝛽0 + 𝛽1
̂𝐸𝑋𝐸𝑅𝑖𝑝𝑡 + 𝑋

′

𝑖𝑝𝑡
𝛾 + 𝜀𝑖𝑝𝑡 (3)

where Z represents the instrumental variables used in this paper. Eq. (2) is the first stage estimation, and
Eq. (3) represents the estimation after the prediction using the instrumental variables method.

According to the results of previous studies, it is known that exercise has both direct and indirect
effects on mental health. Regarding indirect effects, exercise can affect people’s mental health by influencing
their lifestyle. Therefore, exercise→healthy lifestyle habits→improved psychological well-being constitutes
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a reasonable pathway of the “mediating mechanism”. To verify the mediating role of lifestyle, we used the
Baron and Kenny method [76], which allows us to test the mediating effect in three steps:

𝑌𝑖𝑝𝑡 = 𝛼1 + 𝛽1𝐸𝑋𝐸𝑅𝑖𝑝𝑡 + 𝑋
′

𝑖𝑝𝑡𝛾 + 𝜇𝑝 + 𝜆𝑡 + 𝜀1𝑖𝑝𝑡 (4)

𝐻𝐿𝑖𝑝𝑡 = 𝛼2 + 𝛽2𝐸𝑋𝐸𝑅𝑖𝑝𝑡 + 𝑋
′

𝑖𝑝𝑡𝛾 + 𝜇𝑝 + 𝜆𝑡 + 𝜀2𝑖𝑝𝑡 (5)

𝑌𝑖𝑝𝑡 = 𝛼3 + 𝛽3𝐸𝑋𝐸𝑅𝑖𝑝𝑡 + 𝜎𝐻𝐿𝑖𝑝𝑡 + 𝑋
′

𝑖𝑝𝑡𝛾 + 𝜇𝑝 + 𝜆𝑡 + 𝜀3𝑖𝑝𝑡 (6)

where HL stands for healthy lifestyle habits which include smoking amount, sleep duration and BMI in our
study.

3.3 Data Analysis

This study adopts a multi-step data analysis process, combining descriptive statistics, regression
modeling, instrumental variable method and mediating effect test to verify the research hypotheses. The
specific software and methods are detailed as follows:

3.3.1 Data Analysis Software

Stata 17.0 (StataCorp LLC, College Station, TX, USA) is used for all empirical analyses, including data
cleaning, variable recoding, descriptive statistics, regression estimation, and mediation effect testing.
Provincial-level per capita urban green space area and extreme temperature days are matched with
individual-level CFPS data by province and year using Stata’s ‘merge’ command. Excel 2021 (Microsoft Corp.,
Redmond, Washington, DC, USA) is used for preliminary data sorting, including checking for duplicate
observations, and converting non-standard variable formats.

3.3.2 Data Analysis Methods

This study’s data analysis follows a structured workflow: first, data cleaning and preprocessing
are conducted to exclude missing values, recode variables, and identify and remove extreme outliers.
Second, descriptive statistics are used to characterize the distribution of core variables. Third, a two-way
fixed-effects model is applied to estimate the baseline relationship between exercise frequency and mental
health, complemented by instrumental variable (IV) estimation to address endogeneity, grouped regressions
to explore heterogeneity by social role and education level, and the Baron and Kenny three-step method to
test the mediating effects of smoking amount, sleep duration, and BMI.

4 Results

4.1 Statistical Description Results

In this paper, the data of CFPS in 2020 and 2022 are selected as the research data. And two data,
urban green space area and extreme weather, are introduced as instrumental variables. Among them, the
data of urban green space area is from the National Bureau of Statistics (NBS). The extreme weather data
comes from the National Center for Environmental Information (NCEI) under the National Oceanic and
Atmospheric Administration (NOAA) of the U.S.A. Table 1 shows the results of the descriptive statistical
analysis. We can see that there are mainly individual-level and provincial-level data. Since our primary focus
is on college students and recent graduates, we will first concentrate on the adult demographic, specifically
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those aged 18 to 44. Therefore, we excluded data points for individuals under 18 and over 44 years of
age. Additionally, this study removed observations containing missing values in the core explanatory
variables, the dependent variable, or any of the control variables. It can be seen that the average age of
the respondents in the sample is 31.64 years old, indicating that the main group of the sample is young
adults. It is important to note that the education level is divided into elementary school, junior high school,
high school/secondary school/technical school/vocational high school, college, bachelor’s degree, master’s
degree, and doctoral degree based on the highest level of education in the most recent survey. Self-rated
health and life satisfaction were both assigned values from 1 to 5, with higher values being happier. Age,
gender, urban/rural categorization, and number of family members were also selected as control variables
in this paper.

4.2 Basic Regression Analysis

Table 2 demonstrates the preliminary regression results. The relationship between sports exercise and
mental health was explored by using a two-way fixed effects approach, controlling for year and province.
Columns (1) to (4) of the table show the results of the regression analysis using different explained variables,
respectively. They are CESD-8, CESD-20, self-rated health and life satisfaction. All these variables are able
to reflect the mental health status of an individual.

The regression results in column (1) of Table 2 show that the regression coefficient for frequency of
exercise is −0.183 and is significant at the 0.1% level. This indicates that there is a significant negative
correlation between exercise frequency and depression level. For every notch increase in physical activity
frequency, the level of depression decreases by 0.183. This result remains robust after controlling for
variables such as age, gender, urban/rural and family size. It is worth noting that increasing age was
significantly associated with increased depressive symptoms, while men, urban dwellers and those with
more family members had relatively lower levels of depression.

Table 2: Two-Way Fixed Effects Regression Results.

Column Number (1) (2) (3) (4)
Estimation Method HDFE HDFE HDFE HDFE
Variables CESD8 CESD20 HEALTH LSATIS

EXER −0.183*** −0.362*** 0.0135*** 0.0138***
(0.014) (0.027) (0.004) (0.003)

AGE 0.0340*** 0.0677*** −0.0255*** 0.00506***
(0.004) (0.008) (0.001) (0.001)

MALE −0.279*** −0.554*** 0.153*** −0.0240
(0.054) (0.108) (0.015) (0.013)

URBAN −0.168** −0.335** −0.0620*** −0.0119
(0.059) (0.116) (0.016) (0.014)

FML −0.0622*** −0.122*** 0.0151*** 0.0366***
(0.014) (0.027) (0.004) (0.004)

CONSTANT 13.25*** 32.55*** 1.905*** 3.545***
(0.141) (0.280) (0.037) (0.033)

Year FE √ √ √ √

Province FE √ √ √ √

Obs 18,604 18,604 18,604 18,604
R-squared 0.030 0.030 0.050 0.023

Robust standard errors in parentheses. Footnote: HDFE: High-Dimensional Fixed Effects; CESD8: Center for Epidemiologic
Studies Depression Scale-8; CESD20: Center for Epidemiologic Studies Depression Scale-20; HEALTH: Self-Reported Health Status;
LSATIS: Life Satisfaction; EXER: Exercise Frequency; AGE: Age of the Individual; MALE: Male of the Individual (Male = 1); URBAN:
Urban and Rural Classification (Urban = 1); FML: Number of Family Members; CONSTANT: Constant Term; Year FE: Year Fixed
Effect; Province FE: Province Fixed Effect; Obs: Observations, **p < 0.01, ***p < 0.001.
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4.3 Endogenous Problems

With reference to Zhu et al. [77], we recognize that physical activity may have endogenous issues with
mental health. Simply put, the group that participates in physical activity is likely to be the group with
good mental health. This group usually has lower levels of depression. In contrast, a group with depression
would rarely participate in physical activity. In order to address the possible effects of this endogenous
problem, this paper adopts the instrumental variable method, selecting the variables of urban green space
area (GREEN) and extreme temperature days (WEATHER) as instrumental variables. It should be noted that
since the two instrumental variables we used are provincial data, they are the same in the same province at
the same time and have very little change between the two years 2020 and 2022. Therefore if we continue
to take the fixed effects of adding year and province it will lead to unestimation. So we removed the year
and province fixed effects for IV estimation.

Columns (1) and (4) of Table 3 represent the results of the first-stage regressions using urban green
space per capita and extreme temperature days as instrumental variables, respectively. From column (1)
we can see that the coefficient of urban green space per capita is 0.006 and significant at 0.1% level. This
indicates that urban green space per capita has a significant positive effect on the frequency of physical
activity. For every increase of 1 hectare of green space per capita, the frequency of physical activity will
increase by 0.006. From column (4) we can see that the coefficient of weather is −0.00158 and is significant
at 0.1% level, which indicates that the number of days with extreme temperatures is significantly negatively
correlated with the frequency of physical activity. For each increase in the number of extreme temperature
days, the frequency of exercise decreases by 0.00158. The results of the first stage regression in these two
columns indicate that the correlations of the instrumental variables are satisfied. Columns (2), (3), (5), and
(6) of Table 3 show the second stage regression results, respectively. We can see that the coefficients on
exercise in columns (2) and (5) are −2.289 and 1.111, which are significantly larger in absolute value than
the −0.183 in column (1) of Table 2. The improvement effect of exercise on mental health shown by the
IV estimates is significantly stronger than that estimated in Table 2. This suggests that the traditional
approach may have underestimated the intervention effect of exercise. The statistics of 26.26 and 26.75 for
the SW multivariate F test exclude the problem of weak instrumental variables and indicate the validity of
instrumental variables. This not only confirms the effect of exercise on mental health, but also provides an
empirical basis for urban planning and climate adaptation measures.

Table 3: Instrument Variable Regression Results.

Column Number (1) (2) (3) (4) (5) (6)
Estimation Method HDFE IV IV HDFE IV IV
Variables EXER CESD8 CESD20 EXER CESD8 CESD20

GREEN 0.006***
(0.001)

WEATHER −0.00158***
(0.0003)

EXER −2.289*** −4.515*** 1.111* 2.166*
(0.548) (1.083) (0.435) (0.859)

AGE −0.045*** −0.0625* −0.123* −0.04409*** 0.0880*** 0.173***
(0.002) (0.025) (0.049) (0.002) (0.020) (0.039)

MALE 0.323*** 0.416* 0.819* 0.32234*** −0.691*** −1.358***
(0.029) (0.197) (0.389) (0.030) (0.157) (0.309)

URBAN 0.478*** 0.818** 1.609** 0.5046*** −0.905*** −1.776***
(0.031) (0.290) (0.574) (0.030) (0.231) (0.456)

FML −0.027*** −0.111*** −0.218*** −0.03545*** 0.00241 0.00415
(0.007) (0.027) (0.054) (0.007) (0.022) (0.043)
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Table 3: Cont.

Column Number (1) (2) (3) (4) (5) (6)
Estimation Method HDFE IV IV HDFE IV IV
Variables EXER CESD8 CESD20 EXER CESD8 CESD20

CONSTANT 2.562*** 18.95*** 43.81*** 2.9417*** 9.821*** 25.86***
(0.078) (1.486) (2.938) (0.089) (1.181) (2.330)

Year FE × × × × × ×

Province FE × × × × × ×

SW multivariate F test 26.26 26.26 26.75 26.75
Obs 18,604 18,604 18,604 18,604 18,604 18,604

Robust standard errors in parentheses. Footnote: HDFE: High-Dimensional Fixed Effects; IV: Instrumental Variables; CESD8:
Center for Epidemiologic Studies Depression Scale-8; CESD20: Center for Epidemiologic Studies Depression Scale-20; HEALTH:
Self-Reported Health Status; LSATIS: Life Satisfaction; EXER: Exercise Frequency; AGE: Age of the Individual; MALE: Male of
the Individual (Male = 1); URBAN: Urban and Rural Classification (Urban = 1); FML: Number of Family Members; CONSTANT:
Constant Term; Year FE: Year Fixed Effect; Province FE: Province Fixed Effect; Obs: Observations; *p < 0.05, **p < 0.01, ***p < 0.001.

We can also see that the estimation using GREEN as an instrumental variable shows that the negative
effect of exercise on the level of depression is significant at the 0.1% level, while the estimation using
WEATHER as an instrumental variable is significant at the 5% level. This indicates that the estimation using
urban green space per capita as an instrumental variable is better.

4.4 Heterogeneity Analysis

4.4.1 Current Students vs. Employed People

After cleaning, the CFPS 2020 and 2022 surveys had a total sample size of 18,604. In order to explore
the impact between people with different social statuses. We divided two subgroups from the sample by
schooling and employment status. In the CFPS data, the variable SCHOOL has three statuses, “not attending
school”, “in the middle of the semester”, and “on vacation”. We mark “in semester” and “on vacation” as 1 to
indicate that the group is a student, and 0 for the rest of the variables. The variable EMPLOY also has three
statuses, “unemployed”, ‘employed’ and “out of the labor market”, and we mark “employed” as 1 to indicate
the working population and 0 for the others. So that we have two groups, the school-going group and the
working group. There are a total of 2040 observations for the school-going group and 14,380 observations
for the working group. It can be seen that most of our samples are from the working population.

Table 4 reveals significant differences in exercise intervention effects across populations through
grouped instrumental variable regressions. Columns (1) through (4) show the regression results for the
group of school students and columns (5) through (8) show the regression results for the working population.
We can see that the coefficients on physical activity in columns (1) to (4) of Table 4 are all insignificant.
This indicates that for school students the effect of frequency of physical activity on depression levels is not
significant whether GREEN or WEATHER is used as an instrumental variable. This indicates that exercise
is not effective in alleviating depression in school students. As shown in the Fig. A1 (see Appendix A), the
distribution of exercise frequency exhibits distinct clustering characteristics rather than a uniform gradient
distribution. It predominantly manifests as two concentrated intervals: “low frequency (e.g., 0 times/week)”
and “specific medium-to-high frequency (e.g., 1–2 times/week)”. Meanwhile, intermediate frequencies such
as Exercise Frequency = 1, 2, 4, or 5 account for an extremely low proportion, with distribution gaps even
observed. This distribution pattern directly weakens the statistical association between exercise and mental
health: On one hand, the absence of mid-range frequency samples prevents capturing the differentiated
improvement effects of “gradual changes in exercise frequency” on mental states; On the other hand,
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the concentrated distribution indicates insufficient variability in exercise behavior. A large number of
students either completely abstain from exercise or maintain a fixed frequency. The psychological state
differences between these two groups may be masked by other factors such as academic pressure and social
environment, making it difficult for the independent effect of exercise to stand out statistically. Ultimately,
this results in exercise showing no significant impact on mental health.

And from columns (5) to (8) of Table 4, we can see that the results of estimation using GREEN and
WEATHER as instrumental variables are significant for the employed population. In columns (5) and (6),
the coefficients on exercise are −2.073 and −4.083. this indicates that exercise has a significant negative
effect on the level of depression when GREEN is used as an instrumental variable. In columns (7) and (8),
the coefficients of exercise are 2.140 and 4.216, which indicates that exercise has a significant positive effect
on the level of depression when WEATHER is used as an instrumental variable. This indicates that exercise
has a significant effect on depression relief among employed people. Exercise can significantly contribute
to the mental health of the employed population. This may be due to the fact that the employed population
relies more on exercise to alleviate their mental health problems, and it becomes a more accessible avenue
of stress relief for the employed population as compared to school students.
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Table 4: Results of School vs. Employ.

Column Number (1) (2) (3) (4) (5) (6) (7) (8)
Subsample Category SCHOOL SCHOOL SCHOOL SCHOOL EMPLOY EMPLOY EMPLOY EMPLOY
Estimation Method IV-GREEN IV-GREEN IV-WEATHER IV-WEATHER IV-GREEN IV-GREEN IV-WEATHER IV-WEATHER
Variables CESD8 CESD20 CESD8 CESD20 CESD8 CESD20 CESD8 CESD20

EXER −4.698 −9.208 1.640 3.151 −2.073*** −4.083*** 2.140* 4.216*
(11.060) (21.690) (1.189) (2.318) (0.499) (0.986) (1.008) (1.992)

AGE −0.138 −0.271 0.0940 0.182 −0.0194 −0.0376 0.0409* 0.0814*
(0.409) (0.803) (0.052) (0.102) (0.010) (0.020) (0.016) (0.032)

MALE 4.227 8.289 −1.545 −2.968 0.137 0.268 −0.749** −1.478**
(10.080) (19.770) (1.104) (2.152) (0.137) (0.271) (0.234) (0.462)

URBAN 1.202 2.374 −0.117 −0.198 0.763* 1.493* −1.630** −3.221**
(2.343) (4.596) (0.329) (0.641) (0.298) (0.588) (0.582) (1.149)

FML −0.165 −0.324 0.0557 0.107 −0.124*** −0.243*** 0.0476 0.0943
(0.404) (0.793) (0.072) (0.141) (0.030) (0.058) (0.047) (0.094)

CONSTANT 27.00 39.51 6.259 −0.939 17.27*** 20.48*** 10.25*** 26.65***
(36.210) (71.030) (3.952) (7.703) (0.869) (1.717) (1.703) (3.364)

Year FE × × × × × × × ×

Province FE × × × × × × × ×

SW multivariate F test 0.19 0.19 4.02 4.02 29.02 29.02 8.73 8.73
Obs 2040 2040 2040 2040 14,380 14,380 14,380 14,380

Robust standard errors in parentheses. Footnote: HDFE: High-Dimensional Fixed Effects; IV: Instrumental Variables; CESD8: Center for Epidemiologic Studies Depression Scale-8;
CESD20: Center for Epidemiologic Studies Depression Scale-20; HEALTH: Self-Reported Health Status; LSATIS: Life Satisfaction; EXER: Exercise Frequency; AGE: Age of the
Individual; MALE: Male of the Individual (Male = 1); URBAN: Urban and Rural Classification (Urban = 1); FML: Number of Family Members; CONSTANT: Constant Term; Year FE:
Year Fixed Effect; Province FE: Province Fixed Effect; Obs: Observations; *p < 0.05, **p < 0.01, ***p < 0.001.
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4.4.2 Student Population Segmentation

In order to further investigate the effects of exercise on mental health in the student population,
we further segmented the student population by using the variables “highest level of education” (EDU)
and SCHOOL. They are HSS (High School/Secondary Technical School/Technical School/Vocational High
School Student) and UGS (Undergraduate Student). Due to the small sample of students enrolled in master’s
and doctoral programs, we do not analyze them here.

Table 5 shows the regression results for enrolled students grouped by different educational stages.
Columns (1) through (4) represent the regression results for the group of high school or middle school
students, and columns (5) through (8) represent the regression results for the group of undergraduate
students. We can see that the coefficients of EXER are not significant for either high school or undergraduate
students using GREEN and WEATHER as instrumental variables. This suggests that for the student
population, the effect of exercise frequency on depression is not significant across the different stages of
education. This is contrary to the results for the overall sample. Looking at the results of this analysis in
conjunction with the results of columns (1) to (4) of Table 4, we find that for the range of the school student
population, the effect of exercise on mental health is not significant for students at all levels of education.

Using the same methodology described above, we also segmented the employment groups. We
divided the employed population into four groups, which are WNU (Worker without University Education),
JCGW (Junior College Graduate Worker), BGW (Bachelor’s Graduate Worker) and MDGW (Master/Doctor
Graduate Worker).

Table 6 shows the regression results for the employed population grouped by different educational
qualifications. Since it was mentioned earlier that the estimation results usingWEATHER as an instrumental
variable are not as good as using GREEN as an instrumental variable, we use GREEN as an instrumental
variable for estimation here. Columns (1) and (2) show the regression results for the group of laborers
who have not attended college. We can see that the coefficients of EXER for CESD-8 and CESD-20 are
−2.250 and −4.411, respectively, and are significant at the 1% level. This suggests that for laborers who
have not attended college, sports and exercise can significantly reduce the level of depression. Mental
health can be improved through exercise. While in columns (3) to (8), all the coefficients of EXER are
not significant, which indicates that for working people with college education and above, exercise is not
able to improve mental health. However, the results in Table 7 show that the first-stage F-statistics of the
instrumental variable WEATHER for the core explanatory variable EXER are all below 10, indicating a
risk of weak instrumental variables, and the reliability of the results should be viewed with caution. There
is significant sample heterogeneity: only in the WNU group, EXER has a marginally significant positive
impact on the depression scales (CESD8/CESD20) at the 5% significance level, while in the other groups
(JCGW/BGW/MDGW), the relationship among the core variables is not significant. Thus we can find that
exercise has a significant improvement effect on mental health only for workers with low education levels.
As the level of education increases, this effect becomes less significant. This may be due to the fact that
highly educated workers have more alternative means of psychological adjustment. It is also possible that
this is because this group has lower levels of raw depression or that the levels of depression in the highly
educated group are more related to work stress than to physical activity.
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Table 5: Student Population Segmentation Results.

Column Number (1) (2) (3) (4) (5) (6) (7) (8)
Subsample Category HSS HSS HSS HSS UGS UGS UGS UGS
Estimation Method IV-GREEN IV-GREEN IV-WEATHER IV-WEATHER IV-GREEN IV-GREEN IV-WEATHER IV-WEATHER
Variable CESD8 CESD20 CESD8 CESD20 CESD8 CESD20 CESD8 CESD20

EXER −0.965 −1.904 6.810 13.14 4.556 8.816 1.705 3.274
(1.356) (2.681) (25.560) (49.450) (16.980) (32.940) (1.401) (2.726)

AGE 0.0206 0.0405 0.180 0.348 0.233 0.454 0.117* 0.228*
(0.058) (0.114) (0.560) (1.083) (0.695) (1.348) (0.067) (0.130)

MALE 1.038 2.046 −5.817 −11.22 −4.425 −8.589 −1.835 −3.554
(1.224) (2.421) (22.560) (43.640) (15.440) (29.940) (1.307) (2.542)

URBAN 0.166 0.332 0.482 0.942 −1.118 −2.127 −0.239 −0.419
(0.271) (0.536) (1.470) (2.845) (5.269) (10.22) (0.527) (1.025)

FML −0.0329 −0.0675 0.280 0.537 0.0759 0.147 −0.00144 −0.00340
(0.092) (0.181) (1.067) (2.065) (0.492) (0.955) (0.093) (0.181)

CONSTANT 14.37*** 14.80* −9.532 −31.44 −3.417 −19.79 5.919 −1.639
(4.308) (8.518) (78.680) (152.200) (55.650) (107.900) (4.672) (9.088)

Year FE × × × × × × × ×

Province FE × × × × × × × ×

SW multivariate F test 1.83 1.83 0.08 0.08 0.08 0.08 2.92 2.92
Observations 758 758 758 758 1070 1070 1070 1070

Robust standard errors in parentheses. Footnote: HSS: High School/Secondary Technical School/Technical School/Vocational High School Student = 1; UGS: Undergraduate Student
= 1; HDFE: High-Dimensional Fixed Effects; IV: Instrumental Variables; CESD8: Center for Epidemiologic Studies Depression Scale-8; CESD20: Center for Epidemiologic Studies
Depression Scale-20; HEALTH: Self-Reported Health Status; LSATIS: Life Satisfaction; EXER: Exercise Frequency; AGE: Age of the Individual; MALE: Male of the Individual (Male =
1); URBAN: Urban and Rural Classification (Urban = 1); FML: Number of Family Members; CONSTANT: Constant Term; Year FE: Year Fixed Effect; Province FE: Province Fixed
Effect; SW: Shapiro-Wilk; Obs: Observations; *p < 0.05, ***p < 0.001.

Table 6: Employment Groups Segmentation Results.

Column Number (1) (2) (3) (4) (5) (6) (7) (8)
Subsample Category WNU WNU JCGW JCGW BGW BGW MDGW MDGW
Estimation Method IV-GREEN IV-GREEN IV-GREEN IV-GREEN IV-GREEN IV-GREEN IV-GREEN IV-GREEN
Variable CESD8 CESD20 CESD8 CESD20 CESD8 CESD20 CESD8 CESD20

EXER −2.250** −4.411** −3.904 −7.807 2.694 5.199 −0.508 −1.017
(0.845) (1.665) (2.909) (5.813) (2.656) (5.169) (0.596) (1.186)

AGE −0.0240 −0.0463 −0.0148 −0.0285 0.0424 0.0855 −0.0153 −0.0301
(0.013) (0.026) (0.032) (0.064) (0.039) (0.075) (0.044) (0.087)

MALE −0.0516 −0.106 1.408 2.820 −1.457 −2.835 −0.121 −0.218
(0.168) (0.331) (1.276) (2.550) (1.276) (2.483) (0.617) (1.228)

URBAN 0.620 1.205 0.659 1.320 −1.132 −2.216 −0.167 −0.327
(0.334) (0.658) (0.848) (1.694) (0.628) (1.223) (0.819) (1.630)

FML −0.111*** −0.218*** −0.150 −0.302 −0.177* −0.347* 0.212 0.423
(0.032) (0.063) (0.135) (0.270) (0.088) (0.171) (0.133) (0.266)

CONSTANT 17.43*** 20.76*** 20.68*** 27.39*** 7.895 22.16 14.32*** 14.64***
(1.218) (2.400) (4.897) (9.788) (4.060) (7.903) (2.057) (4.095)
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Table 6: Cont.

Column Number (1) (2) (3) (4) (5) (6) (7) (8)
Subsample Category WNU WNU JCGW JCGW BGW BGW MDGW MDGW
Estimation Method IV-GREEN IV-GREEN IV-GREEN IV-GREEN IV-GREEN IV-GREEN IV-GREEN IV-GREEN
Variable CESD8 CESD20 CESD8 CESD20 CESD8 CESD20 CESD8 CESD20

Year FE × × × × × × × ×

Province FE × × × × × × × ×

SW multivariate F test 11.63 11.63 2.06 2.06 1.60 1.60 12.71 12.71
Obs 9732 9732 2193 2193 2107 2107 348 348

Robust standard errors in parentheses. Footnote: WNU: Worker without University Education; JCGW: Junior College Graduate Worker; BGW: Bachelor’s Graduate Worker; MDGW:
Master/Doctor Graduate Worker; IV: Instrumental Variables; CESD8: Center for Epidemiologic Studies Depression Scale-8; CESD20: Center for Epidemiologic Studies Depression
Scale-20; HEALTH: Self-Reported Health Status; LSATIS: Life Satisfaction; EXER: Exercise Frequency; AGE: Age of the Individual; MALE: Male of the Individual (Male = 1); URBAN:
Urban and Rural Classification (Urban = 1); FML: Number of Family Members; CONSTANT: Constant Term; Year FE: Year Fixed Effect; Province FE: Province Fixed Effect; SW:
Shapiro-Wilk; Obs: Observations; *p < 0.05, **p < 0.01, ***p < 0.001.

Table 7: Employment Groups Segmentation Results.

Column Number (1) (2) (3) (4) (5) (6) (7) (8)
Subsample Category WNU WNU JCGW JCGW BGW BGW MDGW MDGW
Estimation Method IV-WEATHER IV-WEATHER IV-WEATHER IV-WEATHER IV-WEATHER IV-WEATHER IV-WEATHER IV-WEATHER
Variable CESD8 CESD20 CESD8 CESD20 CESD8 CESD20 CESD8 CESD20

EXER 3.264* 6.402* 0.464 0.908 −1.448 −2.675 −3.957 −7.762
(1.851) (3.641) (0.798) (1.581) (1.933) (3.730) (3.595) (7.072)

AGE 0.0397 0.0785 −0.0140 −0.0269 0.0839** 0.164** −0.0967 −0.189
(0.024) (0.048) (0.015) (0.029) (0.027) (0.052) (0.120) (0.235)

MALE −0.865** −1.702** −0.429 −0.845 0.485 0.857 2.469 4.846
(0.313) (0.617) (0.374) (0.741) (0.925) (1.785) (2.835) (5.577)

URBAN −1.431* −2.818* −0.441 −0.874 −0.354 −0.737 3.640 7.118
(0.706) (1.388) (0.279) (0.554) (0.442) (0.853) (4.092) (8.048)

FML 0.00883 0.0169 −0.00852 −0.0185 −0.114 −0.226* −0.305 −0.588
(0.054) (0.106) (0.051) (0.101) (0.059) (0.0114) (0.576) (1.132)

CONSTANT 9.754*** 25.72*** 13.48*** 33.04*** 14.08*** 33.91*** 22.30* 50.25**
(2.613) (5.139) (1.393) (2.761) (2.944) (5.679) (8.883) (17.472)

Year FE × × × × × × × ×

Province FE × × × × × × × ×

SW multivariate F test 4.52 4.52 5.67 5.67 1.32 1.32 1.41 1.41
Obs 9732 9732 2193 2193 2107 2107 348 348

Footnote: WNU: Worker without University Education; JCGW: Junior College Graduate Worker; BGW: Bachelor’s Graduate Worker; MDGW: Master/Doctor Graduate Worker;IV:
Instrumental Variables; CESD8: Center for Epidemiologic Studies Depression Scale-8; CESD20: Center for Epidemiologic Studies Depression Scale-20; HEALTH: Self-Reported
Health Status; LSATIS: Life Satisfaction; EXER: Exercise Frequency; AGE: Age of the Individual; MALE: Male of the Individual (Male = 1); URBAN: Urban and Rural Classification
(Urban = 1); FML: Number of Family Members; CONSTANT: Constant Term; Year FE: Year Fixed Effect; Province FE: Province Fixed Effect; SW: Shapiro-Wilk; Obs: Observations;
*p < 0.05, **p < 0.01, ***p < 0.001.
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4.5 Mediation Effects Analysis

4.5.1 Smoke Amount

Having confirmed the significant effect of exercise frequency (EXER) on mental health, this section
examines the potential mediating role of daily cigarette consumption (SMOKE). Prior research suggests
that regular exercise may reduce smoking behavior, while smoking is known to exacerbate depression and
negatively affect mental well-being.

Column (1) of Table 8 replicates the benchmark regression, with EXER significantly reducing CESD-8
(coefficient = −0.158, p < 0.001), confirming the total effect. Column (2) examines the effect of EXER on
SMOKE, showing a strong and significant negative association (coefficient = −0.389, p < 0.001), suggesting
that increased exercise frequency reduces smoking. Column (3) incorporates both EXER and SMOKE into
the model. The coefficient of SMOKE on CESD-8 is positive and significant (0.037, p < 0.001), while EXER
remains significant. These results indicate that cigarette consumption partially mediates the relationship
between exercise and mental health. EXER significantly reduces smoking frequency, and smoking is
positively correlated with higher depression scores. This suggests that exercise improves mental health
partially by reducing smoking. Table 9 shows the direct effect accounts for 90.97% of the total effect, while
the indirect effect through smoking contributes 9.03% of the total reduction in depression.

Table 8: Smoke consumption mediation effect results.

Column Number (1) (2) (3)
Variable CESD8 SMOKE CESD8

EXER −0.158*** −0.389*** −0.144***
(0.029) (0.057) (0.029)

MALE −1.689*** 6.700*** −1.935***
(0.372) (0.471) (0.372)

AGE 0.008 0.211*** 0.001
(0.009) (0.017) (0.009)

URBAN −0.175 −0.711** −0.149
(0.119) (0.241) (0.119)

FML −0.138*** 0.047 −0.140***
(0.027) (0.054) (0.027)

SMOKE 0.037***
(0.007)

CONSTANT 16.001*** −0.163 16.007***
(0.475) (0.718) (0.473)

Year FE √ √ √

Province FE √ √ √

Obs 4906 4906 4906
Robust standard errors in parentheses. Footnote: CESD8: Center for Epidemiologic Studies Depression Scale-8; EXER: Exercise
Frequency; AGE: Age of the Individual; MALE: Male of the Individual (Male = 1); URBAN: Urban and Rural Classification
(Urban = 1); FML: Number of Family Members; CONSTANT: Constant Term; Year FE: Year Fixed Effect; Province FE: Province
Fixed Effect; Obs: Observations; **p < 0.01, ***p < 0.001.

Table 9: Effect table of smoke mediation effect.

Effect Value Std. Err. p Value Effect Proportion

Total effect −0.158 0.0292 6.0 × 10−8 -
Direct effect −0.144 0.0293 9.0 × 10−7 90.97%
Indirect effect −0.014 0.004 0.000064 9.03%
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4.5.2 Sleep Duration

Next, this paper investigates whether sleep duration (SLEEP) mediates the effect of exercise on mental
health. Evidence indicates that regular exercise improves sleep quality and duration, and sufficient sleep is
associated with reduced depressive symptoms.

Column (1) of Table 10 reproduces the benchmark result, with EXER significantly reducing CESD-8
(coefficient = −0.172, p < 0.001). Column (2) examines the effect of EXER on SLEEP, which is not significant
(coefficient = 0.00203, p > 0.1), suggesting that exercise does not strongly predict sleep duration in this
sample. Column (3) includes both EXER and SLEEP. SLEEP has a significant negative effect on CESD-8
(−0.398, p < 0.001), while EXER remains significant. These findings suggest that sleep duration does not
mediate the relationship between exercise and mental health in this sample.

Table 10: Sleep duration mediation effect results.

Column Number (1) (2) (3)
Variable CESD8 SLEEP CESD8

EXER −0.172*** 0.002 −0.171***
(0.000) (0.679) (0.000)

MALE −0.349*** −0.173*** −0.418***
(0.000) (0.000) (0.000)

AGE 0.009 −0.023*** −0.000009
(0.078) (0.000) (0.999)

URBAN −0.181** −0.135*** −0.235***
(0.009) (0.000) (0.001)

FML −0.071*** 0.013** −0.066***
(0.000) (0.008) (0.000)

SLEEP −0.398***
(0.000)

CONSTANT 14.320*** 8.418*** 17.674***
(0.000) (0.000) (0.000)

Year FE √ √ √

Province FE √ √ √

Obs 13,835 13,835 13,835
Robust standard errors in parentheses. Footnote: CESD8: Center for Epidemiologic Studies Depression Scale-8; EXER: Exercise
Frequency; AGE: Age of the Individual; MALE: Male of the Individual (Male = 1); URBAN: Urban and Rural Classification
(Urban = 1); FML: Number of Family Members; CONSTANT: Constant Term; Year FE: Year Fixed Effect; Province FE: Province
Fixed Effect; Obs: Observations; **p < 0.01, ***p < 0.001.

4.5.3 BMI

Finally, the potential mediating role of Body Mass Index (BMI) is examined.
Column (1) of Table 11 shows the baseline effect of EXER on CESD-8 (coefficient = −0.173, p < 0.001).

Column (2) examines the effect of EXER on BMI, which is not significant (coefficient = 0.013, p > 0.1).
Column (3) includes both EXER and BMI; BMI does not significantly predict CESD-8 (−0.0003, p > 0.1),
and EXER remains significant. These findings suggest that BMI does not mediate the relationship between
exercise and mental health in this sample.

Table 11: BMI mediation effect results.

Column Number (1) (2) (3)
Variable CESD8 BMI CESD8

EXER −0.173*** 0.013 −0.173***
(0.000) (0.318) (0.000)
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Table 11: Cont.

Column Number (1) (2) (3)
Variable CESD8 BMI CESD8

MALE −0.321*** 1.563*** −0.320***
(0.000) (0.000) (0.000)

AGE 0.011* 0.111*** 0.011*
(0.021) (0.000) (0.025)

URBAN −0.231*** 0.119* −0.231***
(0.000) (0.030) (0.000)

FML −0.066*** 0.047*** −0.066***
(0.000) (0.000) (0.000)

BMI −0.0003
(0.969)

CONSTANT 14.143*** 18.453*** 14.150***
(0.000) (0.000) (0.000)

Year FE √ √ √

Province FE √ √ √

Obs 17,293 17,293 17,293
Robust standard errors in parentheses. Footnote: CESD8: Center for Epidemiologic Studies Depression Scale-8; EXER: Exercise
Frequency; AGE: Age of the Individual; MALE: Male of the Individual (Male = 1); URBAN: Urban and Rural Classification (Urban =
1); FML: Number of Family Members; CONSTANT: Constant Term; Year FE: Year Fixed Effect; Province FE: Province Fixed Effect;
Obs: Observations; *p < 0.05, ***p < 0.001.

5 Discussion

This study evaluates whether the three hypotheses in Section 2.4 are supported by the empirical
results. The main hypothesis, Hypothesis 1 (H1), was fully supported, demonstrating that increased
exercise frequency significantly reduces depression symptoms while also enhancing self-rated health
and life satisfaction. Hypothesis 2 (H2) was supported, revealing a difference in effects by group: the
positive mental health impact of exercise was stronger among employed individuals and those with lower
education (specifically non-university educated workers), but was found to be statistically insignificant
for students or higher-educated employed groups. Finally, Hypothesis 3 (H3) was partially supported.
Daily cigarette consumption was confirmed as a significant mediator (exercise reduces smoking, which
improves mental health), but sleep duration and BMI did not exhibit a statistically significant mediating
role in the relationship between exercise and mental health in this sample. Its benefits vary significantly
across socio-demographic groups, with employed individuals with lower education levels experiencing
more pronounced improvements.

Our finding that greater green space availability promotes physical activity aligns with prior research
in the built environment and public health literature. According to social-ecological models, accessible
and attractive green spaces reduce barriers to physical activity by providing safe, enjoyable environments,
thereby facilitating health-promoting behaviors at the environmental level [78]. This provides empirical
support for urban planning policies aimed at improving public health outcomes.

Perhaps the most insightful finding is the heterogeneity of exercise benefits across groups. Contrary
to studies emphasizing the universal benefits of physical activity [79], we find that the marginal mental
health gains for students and highly educated individuals are limited. This may be attributed to differences
in dominant stressors. According to stress-buffering theory, exercise effectively mitigates routine and
moderate stress [52]. However, for students and highly educated groups, primary stressors—such as
academic competition and professional pressures—tend to be systemic and high-intensity, exceeding the
buffering capacity of exercise alone [47]. Therefore, although exercise maintains fundamental health value,
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its marginal impact on mental health may be constrained if core stress sources are not simultaneously
addressed.

These findings have important policy and practical implications. First, they call for more targeted and
precise public health interventions. For employed and low-educated adults, investing in community
green spaces and implementing “exercise + psychological counseling” programs in workplaces can
generate high health returns. Second, for students and highly educated individuals, policymakers and
educational institutions should recognize that promoting exercise alone is insufficient. Interventions
should simultaneously address macro-environmental factors, such as reforming educational evaluation
systems, providing career development support, and ensuring access to mental health resources, to reduce
psychological burdens at their source. This aligns with the core objectives of Healthy China 2030 [80],
which emphasize integrated development of physical and mental health for all citizens.

Several limitations should be acknowledged. First, the analysis relies on only two waves of CFPS data
(2020–2022), limiting the ability to capture long-term trends and dynamic effects of exercise on mental
health. Future research could extend the temporal scope with additional waves. Second, exercise types
were not differentiated; distinct modalities may have unique effects on mental health. Finally, the spatial
granularity of the data is limited to the provincial level, which may mask city-level variations. Future
studies should consider more detailed geographic data.

6 Conclusion

This study utilizes data from the 2020 and 2022 waves of the China Family Panel Studies (CFPS) to
systematically examine the impact of individual exercise frequency on mental health outcomes. Indicators
such as the CESD depression index, self-rated health, and life satisfaction are used as key measures. The
results show that exercise frequency significantly reduces depression levels while positively enhancing
self-rated health and life satisfaction, with the findings demonstrating strong robustness. Furthermore,
after addressing potential endogeneity by introducing average green space per capita and the number of
extreme temperature days as instrumental variables, the core conclusions remain valid.

Also, the heterogeneity analysis highlight that the mental health benefits of exercise are not uniformly
distributed across groups. While no significant effects are observed among students regardless of educational
attainment, exercise proves especially beneficial for employed individuals with lower levels of education.
This suggests that policies and interventions aiming to promote mental well-being through exercise may
yield the greatest returns when targeted toward lower-educated segments of the working population.

In addition to the aforementioned research methods, this study also examined several potential
mediators, including daily cigarette consumption, sleep duration, and Body Mass Index (BMI). The results
indicate that cigarette consumption exerts a significant mediating effect, whereas sleep duration and BMI
do not show statistically significant mediation in the current sample and model specifications. Nonetheless,
the latter factors may still hold relevance in other populations or under alternative modeling approaches,
suggesting avenues for further investigation in future research.

Overall, this study not only confirms the positive effects of exercise on mental health but also uncovers
the variation in effects across different demographic groups. These findings offer empirical evidence
and theoretical support for the design of targeted mental health interventions and more precise policy
implementation.
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Figure A1: Distribution of exercise frequency.
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