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Introduction: Urban greening is widely recognized as an important factor in
human health. However, existing studies have yielded inconsistent conclusions
regarding its health benefits, partly due to divergent greening metrics and the
prevalent assumption of linear relationships.

Methods: This study investigated the associations between three types of urban
greening indicators -green cover (GC), general green space (GS), and active
public green space (PGS) --and the self-rated physical and mental health of urban
residents across China. We matched individual-level health data from the 2020
China Family Panel Studies (CFPS) with county-level greening indicators derived
from national statistical yearbooks. To account for potential nonlinearities and
to evaluate feature importance, we employed explainable machine learning
models (XGBoost) combined with SHapley Additive exPlanations (SHAP).
Results: The results indicated that GC and GS had no significant associations
with physical health, and their associations with mental health were inconsistent.
In contrast, PGS and the ratio of PGS to GS (PGSRatio) demonstrated robust,
significantly positive associations with both physical and mental health, with
slightly stronger effects observed for physical health. SHAP-based analyses
further revealed nonlinear threshold effects: PGS and PGSRatio offered limited
health benefits at lower levels, but their impacts increased sharply once baseline
thresholds of 12.4 and 36.3% were exceeded. Ideal health-promoting thresholds
were identified at 18% for PGS and 45% for PGSRatio.

Discussion: These findings emphasize that not all green space yields equivalent
health benefits; rather, the provision of sufficient, accessible, and active public
green space is critical for maximizing the dual health benefits of urban greening.

KEYWORDS

urban greening, public green space, self-rated health, explainable machine learning,
China

1 Introduction

According to the World Bank, the global urbanization rate reached 57% in 2023. In China,
this figure has risen to 66% (National Bureau of Statistics of China, 2024), with increasing
numbers of people relocating to cities in pursuit of better employment, education, amenities,
and social opportunities. However, urbanization also intensifies challenges such as
environmental pollution, heat stress, traffic congestion, and psychological distress, all of which
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adversely affect physical and mental health. Urban greening—an
approach dating back to the vision of Frederick Law Olmsted (1) is
widely acknowledged as a strategic intervention to mitigate these
issues and promote well-being. Yet in modern urban settings, where
land availability is constrained and nature access is often restricted,
maximizing the health benefits of limited green resources demands
evidence-based and strategic planning.

Existing studies explored the connections between urban greening
and human health from three main perspectives. The most widely
examined is greening quantity, where studies have investigated
correlations between the amount of green infrastructure and self-
reported health (2-6). A second stream of research examines the
structure attributes of greening —such as vegetation type, spatial
distribution, and vertical complexity—and their differential effects on
health (7-9). A third focus involves the quality and usability of green
spaces, including accessibility, safety, and user experience (5, 10, 11).
Despite the diversity in research foci, findings remain inconsistent.
While some studies report positive associations between urban
greening and physical and mental health (2, 4-6), others reveal
non-significant or even contextually negative effects (7, 12, 13), often
shaped by factors such as air pollution, urban density, or
socioeconomic status (6, 14, 15).

Theoretically, three major pathways have been proposed to
explain how greening affects human health (5, 16, 63) (see Figure 1).
The first pathway, ecological regulation: vegetation contributes to
cleaner air, moderated urban microclimates, and reduced
environmental health risks (14, 18). The second pathway is
psychophysiological restoration: natural elements provide sensory
stimuli that support stress recovery, improve mood, and enhance
cognitive performance (19, 20). The instantaneous, affective, and
physiological responses evoked by visual stimuli can reduce stress and
evoke positive emotions (21). Activities in green spaces can also
facilitate sleep quality (22). The third pathway, behavioral mediation:
green spaces encourage physical activity and social interaction, which
confer both physical and psychological benefits (23). Being physically
more active can improve cardiovascular health and reduce obesity and
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diabetes risks (24-26). Exercises in green spaces bring more health
benefits than activities conducted in other environments, such as
indoors (27, 28). Public green spaces provide venues for social
interactions, encouraging frequent connections among friends and
neighbors and participation in group activities (29-31). Increased
social interactions are proven to benefit brain health, psychological
well-being, and reduce loneliness (32).

Despite this theoretical clarity, urban greening is operationalized
inconsistently across studies, contributing to contradictory findings (33).
Some studies quantify green cover (GC) through remote sensing images,
emphasizing horizontal vegetation extent (7), or capture vegetation health
and density using NDVI (3, 6, 13). Others focus on green space (GS)
derived from land-use maps, encompassing both publicly accessible and
inaccessible green space (9). Still others concentrate on public green space
(PGS)—green areas that are publicly accessible and recreationally
functional (34). While these indicators have inclusive relationships, they
each emphasize different health pathways (Figure 1): the impact of GC on
health is primarily related to ecological regulating services provided by
the attributes of vegetation; GS, such as parks, street trees, and green
buffers, can affect health through visual and environmental exposure;
while PGS is most likely to drive behavioral change due to its public
accessibility and recreational functions. However, few studies have
explicitly differentiated these indicators and assessed their relative
importance within the same research context.

Another methodological limitation is the common assumption of
linear relationships between greening and health. In reality, these
associations may be nonlinear. Residents in poorly vegetated
environments often suffer from compounded environmental stressors
(e.g., air pollution, noise, and thermal extremes) (35), while residents
in highly vegetated areas may encounter new risks, such as allergen
exposure or pesticide use (36, 37). Prior research has identified
nonlinear effects of residential greenery on mortality (38), respiratory
illness (37), and self-rated health (3), yet few have examined such
patterns for PGS specifically. A recent study in Sheflield, UK further
highlighted the need for multi-indicator approaches in detecting
nonlinearities related to greening and health (4).

Green Cover

Green Space

Urban Greening

FIGURE 1

Pathway 1: Ecological regulation
Improve urban ecological environment 4
via heat mitigation, air purification, flood regulation,
etc.

Physical health
Pathway 2: Psychophysiological restoration
Provide physiological and psychological benefits S
via attention restoration, stress reduction, etc.

Mental health
Pathway 3: Behavioral mediation
Promote behavior change S
via physical activities, social interactions, etc.

Health

Main pathways linking urban greening to human health. Diagram adapted from Zhang et al. (16), Zhang et al. (63), and Zhang et al. (5). The yellow
arrow indicates the focus of this study on quantitative urban greening indicators (GC, GS, PGS) and their dual impact on health.
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Moreover, the interdependency between physical and mental
health is increasingly recognized, involving shared physiological
mechanisms across the nervous, endocrine, and immune systems (39,
40). Urban green spaces that support both physical activity and
psychological restoration may thus produce compounded health
benefits. Identifying thresholds or ranges at which different greening
indicators yield optimal effects on both domains is an urgent empirical
need but remains underexplored.

This study seeks to address these research gaps by examining the
relationships between multiple urban greening metrics and self-rated
physical and mental health among Chinese urban residents.
Specifically, we matched self-rated health data at the individual level
with urban green indicators at the county level to (1) Investigate the
associations between green cover (GC), green space (GS), and public
recreational green space (PGS) and residents’ physical and mental
health outcomes; (2) Compare the relative importance of these metrics
using explainable machine learning (XGBoost + SHAP); and (3)
Identify nonlinear patterns and effective thresholds at which greening
begins to exert significant dual health benefits. The findings are
intended to inform green infrastructure planning, with particular
attention to optimizing urban health outcomes through the strategic
provision of active, accessible public green space.

2 Materials and methods

This study investigated the associations between urban greening
and self-rated physical and mental health among Chinese urban
residents. Individual-level health data were sourced from the 2020
wave of the China Family Panel Studies (CFPS) and were linked to
county- and district-level greening data derived from the China Urban
Construction Statistical Yearbook 2020. Control variables were selected
at both individual and county levels, capturing personal,
socioeconomic, climatic, and environmental characteristics. Data
sources include CFPS, national statistical yearbooks, and remotely
sensed environmental datasets. Subsections 2.1-2.3 detail the variables
and data sources (see Supplementary Table S1), while subsection 2.4
describes the statistical and machine learning methods employed.

2.1 Self-rated health

Two dimensions of health were assessed: physical health and mental
health, both based on self-rated data. Self-rated health offers several
advantages over objective health measures. First, it reflects individuals’
holistic understanding of their health, incorporating illness severity,
family health history, and perceived stability of health status (41, 42).
Second, it demonstrates strong predictive validity for objective outcomes
such as functional ability, mobility, and absenteeism, and this predictive
power is consistent across socioeconomic strata (34, 43). Accordingly; self-
reported health metrics are widely used in both international and Chinese
population health studies (5, 34).

CFPS is a nationally representative, annual longitudinal survey of
Chinese communities, families, and individuals launched in 2010 by
the Institute of Social Science Survey at Peking University, China. This
survey collects a wealth of information covering topics such as
economic activities, education outcomes, family dynamics and
relationships, migration, and health in contemporary China. The first
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wave of the survey encompassed 25 provinces/municipalities and 162
counties/districts in China, with more added in subsequent waves.
More information about this survey can be found at https://www.isss.
pku.edu.cn/cfps. This study used the individual-level questionnaire
data from CFPS’s 6th wave in 2020. The County-Level Restricted Data
was utilized to match individual-level data with the corresponding
county data in which the respondents reside. Respondents from rural
areas were excluded from the study as its primary focus was on the
impact of urban greening on the health of urban dwellers.

Physical health was assessed via the question: “How would you rate
your health status?” Responses were categorized into a binary outcome:
“Excellent,” “Very good,” and “Good” were coded as 1 (good health),
while “Fair” and “Poor” were coded as 0 (poor health). The
dichotomization (healthy vs. unhealthy) was adopted since a statistical
test indicated that the standard ordinal model was inappropriate
(proportional odds assumption violated, p <0.001). This binary
approach followed by logistic regression reduces model complexity,
avoids the need for multiple comparisons, and provides clearer results
when the main research interest is in distinguishing between two
groups rather than exploring all five categories. It aligns with our
primary objective of identifying factors associated with the likelihood
of being healthy and is widely used in similar studies (3, 5). Since this
simplification could lead to information loss, we also performed OLS
regression using the original 5-point variable in the third robustness
test (see section 3.4 and Supplementary Table S8). Further justification
for this indicator is provided in Supplementary Appendix II.

Mental health was measured using an 8-item version of the Center
for Epidemiologic Studies Depression Scale (CES-D) (44), validated
in the Chinese context (45). The original version includes 20 questions,
and the CFPS survey used a truncated 8-item version. Among the 8
items, six items assessed negative affect and two assessed positive
affect. For each item, responses indicating a more positive mental
health state were given a higher score. Scores across the 8 items were
summed together and a total score ranging from 8 to 32 was used to
determine respondents’ health status.

2.2 Urban greening indicators

We assessed four quantitative indicators of urban greening (greening
within the built-up area) (Figure 2): (1) Green cover (GC): The proportion
of the vertical projection area of all vegetation. (2) Green space in general
(GS): The proportion of total green space, including public recreational
green space, green buffers, attached green space, and squares. (3) Public
green space (PGS): The proportion of green space designated for public
recreational use. (4) The ratio of PGS to GS (PGSRatio): The percentage
of GS that is publicly accessible (i.e., PGS as a share of GS). GS includes
green spaces that are private, semi-private (such as those affiliated with
gated residential communities, educational institutions, government
facilities, or commercial enterprises that are only accessible to specific
user groups), and public (primarily parks). In contrast, PGS is limited to
fully public green spaces accessible to all. Therefore, we introduced
PGSRatio to highlight the relative share of fully public green spaces. This
metric enables a more comprehensive evaluation of how effectively urban
greenery serves the broader population and offers insight into the equity
and public utility of urban greening.

Area statistics were extracted from the China Urban/Urban-Rural
Construction Statistical Yearbook 2020. In cases where district-level
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Public recreational green space (PGS) City parks, community parks, roadside and pocket parks,
special use parks (botanical garden, zoo, amusement park, etc.)
Green buffer Green ecological buffers for health protection, public facility,
Green space highway, railway, transmission line, etc.
GS * Squares for recreation, commemoration, gathering, and
Green Cover ( ) Square disaster prevention, etc.
(GC) Attached green space Green areas attached to roads, industrial, commercial,
residential, logistic, public facility, etc.
Other types of urban vegetated area
FIGURE 2

Classification of urban greening types. *Among the four types of green spaces (GS), urban squares, aside from public recreational green spaces, are
also open to the public. However, they make up a very small portion of the GS area. Therefore, this study only utilized public recreational green space
to represent PGS. This classification was based on the Chinese Standard for Classification of Urban Green Space CJJ/T85-2017.

data were unavailable, values from the associated prefecture-level city
were used as approximations. For interpretability, all greening
indicators were multiplied by 100.

2.3 Control variables

This study employed control variables at both the individual and
the county levels. The individual level variables comprised
demographic characteristics of respondents, including age, gender,
marital status, education level, individual income, and body mass
index (BMI) level. Lifestyle factors were also incorporated, including
cigarette smoking and alcohol consumption levels, as well as the
frequency of physical activity.

The county-level variables contained socioeconomic variables,
including GDP, share of secondary sector in GDP, disposable income
per capita, and population density. The data on GDP, share of
secondary sector in GDP, and disposable income per capita came from
the China County Statistical Yearbook, and population density data
was obtained from the LandScan Global Program (46). A set of
climatic and environmental variables were also controlled. NDVT is a
satellite-derived indicator that captures green intensity and overall
plant health, reflecting the biophysical condition of vegetation. It is a
valuable complement to the core urban greening variables, as the latter
are yearbook-based metrics focusing on the geometric area of green
spaces across various social attributes. Annual average NDVTI of each
county was calculated based on MOD13A3." DEM data were derived
from NASA Shuttle Radar Topography Mission (SRTM)? (47). Relative
humidity and mean temperature data were acquired from the National
Tibetan Plateau/Third Pole Environment Data Center (48, 49). PM,
concentration data were obtained from ChinaHighAirPollutants
(CHAP) datasets’® (50). All remote sensing data were at a spatial
resolution of 1 x 1 km. The annual mean data of each county were
calculated on the ArcGIS platform.

1 https://ladsweb.modaps.eosdis.nasa.gov
2 http://srtm.csi.cgiar.org
3 https://weijing-rs.github.io/product.html
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2.4 Data analysis

2.4.1 Statistical analysis

Three stages of statistical analysis were performed: (1) Spearman’s
rank correlation was used to examine relationships among variables,
chosen for its suitability with non-parametric and discrete data. (2)
Binary logistic regression was applied to assess the relationship
between physical health and the four greening indicators, adjusting
for all control variables. Outputs include odds ratios (OR), p-values,
standard errors, and 95% confidence intervals (CI). (3) Ordinary Least
Squares (OLS) regression was used for the 25-level mental health
outcome, with unstandardized coefficients and corresponding
inferential statistics reported. OLS model was chosen over ordinal
logistic regression model since the proportional odds assumption was
violated, making ordinal regression model inappropriate. For both
regression approaches, individual cross-sectional weights were applied
to ensure national representativeness, and standard errors were
clustered at the county/district level to account for intra-group
correlation. All statistical analyses were conducted using Stata 18.0.

2.4.2 Machine learning: XGBoost and SHAP

This study employed the eXtreme Gradient Boosting (XGBoost)
model in conjunction with SHapley Additive exPlanations (SHAP) to
assess the relative importance of urban greening indicators and to
visualize specific associations with self-rated physical and mental
health outcomes.

XGBoost is a scalable and high-performance machine learning
algorithm that implements a gradient boosting by constructing an
ensemble of sequential, shallow decision trees (51). This ensemble
approach improves predictive accuracy by allowing each tree to
iteratively correct the errors of its predecessors. XGBoost is
particularly advantageous due to its capacity for parallel computation,
robust handling of missing data, sensitivity to outliers, and effective
performance on small and complex datasets. When appropriately
tuned, it frequently outperforms comparable algorithms, such as
random forests (52). The application of XGBoost has been increasingly
adopted in environmental health research, including studies on the
effects of the urban environment on health outcomes (53, 54).

In this study, classification models were used to analyze binary physical
health outcomes, while regression models were employed for mental
health scores. We conducted hyperparameter tuning for the XGBoost

frontiersin.org
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models using a grid search with 5-fold GroupKFold cross-validation to
account for the clustered data structure at the county level. This ensured
that all observations from the same county were assigned to a single fold,
either entirely in training or entirely in testing, thereby preventing data
leakage and providing robust performance estimates. Hyperparameter
tuning was performed exclusively on the training set. The grid search
evaluated a predefined set of candidate parameters designed to balance
model complexity and prevent overfitting. The optimal hyperparameters
identified through this procedure were: colsample bytree = 1.0,
gamma =0, learning_rate = 0.01, max_depth = 3, n_estimators = 200,
subsample = 0.8, and scale_pos_weight = 1. Model performance was
evaluated using the following metrics: (1) For classification (physical
health): accuracy, precision, recall, and F1-score, ROC-AUC, and PR-AUG;
(2) For regression (mental health): mean squared error (MSE), root mean
squared error (RMSE), mean absolute error (MAE), mean explained
variance (MEV), and coefficient of determination (R?).

While XGBoost provides high predictive performance, its internal
decision-making process is often described as a “black box” due to its
complexity. To enhance interpretability, the SHAP framework was
employed. SHAP is grounded in cooperative game theory and uses
Shapley values to estimate the marginal contribution of each feature
to the model’s output (55). It offers advantages over other
interpretation techniques by providing locally accurate, consistent,
and model-agnostic explanations tailored to individual predictions.
The Shapley value of feature i is calculated using Equation 1:

[s]t(n—|s]-1)r

o= ¥ BN o] o

ScN{i}

where J; represent the contribution of the ith feature, N stands
for the dataset with » features, f(S u{i} ) and f(S) denote the model
results with or without feature i, respectively. Then an additive feature
imputation approach was employed to calculate the SHAP value using
Equation 2:

M
g(z)=d+> 47 )

i=1

where g represents the interpretation model; z’€{0,1}" denotes
whether a feature is present (2 = 1) or not (2’ = 0) in the calculation,
and M is the number of input features; ¢ is the base value and ¢ is the
Shapley value of feature i.

All the analyses were conducted in the secured server laboratory
of the Institute of Social Science Survey, Peking University,
Beijing, China.

5 Results
3.1 Descriptive statistics

We matched individual-level self-rated health data from the
CFPS2020 with county- and district-level urban greening and control
variables. The final analytical sample comprised 12,854 urban

respondents from 625 counties and districts, covering 197 prefecture-
level cities across 22 provinces and 4 centrally governed municipalities
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in China. The geographic matching success rate was 98.6%, excluding
all rural samples.

3.1.1 Self-reported health

Due to missing responses on key health variables, the final sample
sizes used in regression models were smaller than the total matched
dataset. Summary statistics are presented in Table 1 and Figure 3. The
physical health was assessed on a five-point ordinal scale. The
distribution was approximately symmetrical, with the largest
proportion of respondents 48%, assigning themselves a score of 3
(midpoint). The proportions of respondents rating their health as 1, 2,
4, and 5 were similar, each around 11-15%. Overall, according to our
binary classification, approximately 75% of respondents considered
themselves as being in good health conditions, while the remaining
25% reported poor health conditions.

TABLE 1 Descriptive statistics.

Variables Obs Mean SD
Dependent variable
Health_physical 8,898 0.765 0.424
Health_mental 8,861 26.809 3914
Independent variable
GC 8,538 38.966 6.683
GS 8,272 34916 6.966
PGS 8,897 11.036 4.458
PGSRatio 8,272 33.121 13.530
Control variable_individual level
Age 8,898 46.966 15.695
Gender 8,898 0.491 0.500
Education 8,898 9.899 4.611
Marriage 8,898 0.816 0.387
Income 8,898 2.879 1.008
Smoke 8,898 0.263 0.441
Drink 8,898 0.133 0.340
Exercise 8,898 2.047 2.497
Overweight 8,898 0.097 0.296
Underweight 8,898 0.059 0.236
Control variable_county-level
InGDP 8,898 15.132 1.361
PropofIndustry 8,898 0.341 0.154
InDisposableIncome 8,898 10.581 0.316
InPopDens 8,898 6.607 1.595
DEM 8,898 459.353 634.561
RH 8,898 0.712 0.083
TempAve 8,898 14.466 5.117
PM25 8,898 34.071 10.914
NDVI 8,898 0.466 0.124

The minimum, maximum, and median values of the variables are not provided due to
confidentiality requirements set by CFPS for the County-Level Restricted Data. Disclosure of
this information may enable readers to identify specific counties or districts, which are
subject to strict restrictions imposed by CFPS.
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FIGURE 3
Data distribution of physical and mental health.

The mental health was measured using the 8-item CES-D scale,
with total scores ranging from 8 to 32. The mean score was 26.8
(SD = 3.9), and the distribution was left-skewed, indicating that most
respondents perceived themselves to be in good mental health
conditions. The scale demonstrated acceptable internal consistency
(Cronbach’s alpha value = 0.775), confirming its reliability in the
present sample. The correlation between self-rated physical and
mental health was statistically significant but modest (Spearman’s
rho = 0.209, p < 0.01), indicating that the two measures reflect related
but distinct health dimensions.

We further conducted Spearman’s rank correlation analyses to
examine the correlation between personal characteristic variables
(Supplementary Table S2), county-level variables, and self-rated health
(Supplementary Table S3). The results indicated that most variables
were significantly but weakly correlated with health, with age and
education showing slightly stronger correlations with physical health.
Most county-level variables were also weakly but significantly
correlated both health dimensions.

Due to CFPS confidentiality policies, address-level information
below the provincial level (i.e., prefecture, county, and district) is
anonymized. Consequently, spatial distribution maps of respondent
locations and associated greening or health data are not provided in
this study.

3.1.2 Urban greening indicators

As shown in Table 1, the mean values for the four urban greening
indicators were as follows: green cover (GC) = 39.0%, green space
(GS) = 34.9%, public green space (PGS) = 11.0%, and public green
space ratio (PGSRatio) = 33.1%. These values suggest that, on average,
GC and GS occupied a similar proportion of the built-up urban area,
while only approximately one-third of the total green space was
publicly accessible and recreationally functional.

The Spearman correlation analysis (see Supplementary Table 54)
revealed a strong positive correlation between GC and GS, indicating
that urban areas with greater vegetative cover also tend to report more
total green space. PGS was moderately correlated with both GC and
GS, implying partial overlap but not equivalence. In contrast,
PGSRatio showed minimal correlations with GC and GS, suggesting
that the overall quantity of vegetation or green space is not predictive
of the proportion of space that is accessible to the public. Due to the
confidentiality protocols of the CFPS dataset, detailed distributions
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(e.g.,» minimum, maximum, and spatial variations) of these greening
indicators at the county or district level are not disclosed in this study.

3.2 Relationships between urban greening
indicators and self-rated physical health

We examined the associations between each of the four urban
greening indicators and self-rated physical health by constructing four
separate binary logistic regression models [Model (a)-(d)]. Each
model included one greening indicator as the core independent
variable, along with a set of covariates. The results are presented in
Table 2 and detailed in Supplementary Table S5. Variance Inflation
Factors (VIFs) for these four models are between 2.10-2.30. The
analysis revealed that GC and GS were not significantly associated
with physical health status. By contrast, PGS and PGSRatio
demonstrated statistically significant positive effects.

Specifically: A 1% increase in PGS within the built-up urban area
was associated with an approximately 2.5% increase in the odds of
respondents reporting good physical health, after adjusting for all
control variables. A 1% increase in PGSRatio was associated with a
0.6% increase in the odds of self-reported good physical health. These
results highlight the importance of public accessibility and recreational
functionality in green space provision, beyond the mere presence of
vegetative or green-covered land.

To further examine and validate the relative importance of
urban greening indicators in predicting physical health, XGBoost
classification models were employed, coupled with SHAP values for
model interpretation. Given the high correlations between GC and
GS and between PGSRatio and PGS (Supplementary Table S4),
we constructed two models. Model I included GS and PGS to assess
their relative importance, which helped verify the robustness of the
results (that PGS is more critical than GS) and to capture any
nonlinear relationships with health. Model IT incorporated PGSRatio
alone to further examine the nonlinear association between the
share of fully public green space within general green space and
health outcomes. The models’ performance was evaluated using
standard classification metrics. The models achieved an accuracy of
0.76, precision of 0.80, recall of 0.91, F1-score of 0.85, ROC-AUC of
0.72, and PR-AUC of 0.89, indicating satisfactory predictive
While slightly exceeds the

performance. accuracy only
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TABLE 2 Associations of urban greening indicators with physical and mental health.

Adjusted Core variables Coef. Odds ratio p-value 95% ClI
models*
Upper
Physical health
Model (a) GC 0.004 1.004 0.344 0.995 1.014
Model (b) GS 0.006 1.006 0.177 0.997 1.015
Model (c) PGS 0.025 1.025 0.000 1.013 1.039
Model (d) PGSRatio 0.006 1.006 0.015 1.001 1.010
Mental health
Model (e) GC 0.008 0.265 —0.006 0.023
Model (f) GS 0.008 0.297 —0.007 0.022
Model (g) PGS 0.021 0.022 0.003 0.039
Model (h) PGSRatio 0.008 0.012 0.002 0.014

*Adjusted for Age, Gender, Education, Marriage, Income, Smoke, Drink, Exercise, Overweight and Underweight at the individual level, and InGDP, PropofIndustry, InDisposableIncome,

InPopDens, DEM, RH, TempAve, PM2.5, and NDVT at the county level.

majority-class baseline of 75%, the higher precision, recall, and
PR-AUC demonstrate that the model provides added predictive
value beyond trivial classification.

The relative importance of the variables is presented in Figure 4.
PGS was the 5th most important variable for physical health among
all the variables examined, whereas GS ranked 13th. This indicated
that PGS had a stronger influence on physical health outcomes. At the
individual level, age was the most influential predictor, followed by
income, education, and physical activity. Among county-level
variables, elevation (DEM) and average temperature were the most
important climatic predictors, while GDP and industrial proportion
were the most relevant socioeconomic variables. All of these were less
influential than PGS.

The nonlinear patterns and threshold effects were examined using
SHAP dependence plot (Figure 5). In these plots, the x-axis represents
the actual value of PGS and PGSRatio, which are the two variables that
significantly impact physical health. The y-axis represents the SHAP
values that the selected features contribute to the outcomes. A higher
SHAP value represents a greater positive contribution of the variable
to the model prediction results. A fitted curve (Locally Weighted
Scatterplot Smoothing, LOWESS) was used to smooth the scatterplot.
The steeper the curve, the higher the marginal effect of the
independent variable. From Figure 5A, a positive relationship is
observed between PGS and physical health. When PGS was smaller
than 10.3%, PGS exhibited a negative contribution to the prediction
of good physical health. Specifically, low PGS had negative
contributions to physical health, and this negative contribution
gradually diminished as PGS increased. When PGS reached 10.3%,
the contribution of PGS to physical health became neutral, indicating
no additional impact. As PGS further increased beyond this threshold,
it began to show positive influence, albeit with some fluctuations.
Notably, when PGS exceeded approximately 18%, it demonstrated a
strong positive impact on physical health. In Figure 5B, a higher level
of PGSRatio is associated with better physical health. When PGSRatio
was below 27.7%, the SHAP values increased slightly and fluctuated
around 0, indicating that PGSRatio had a minimal impact on physical
health within this range. However, once PGSRatio exceeded the
threshold of approximately 45%, it began to exert a strong influence
on physical health.

Frontiers in Public Health

3.3 Relationships between urban greening
and self-rated mental health

Ordinary least squares (OLS) regression models, Model (e)-(h),
were conducted to examine the associations between each urban
greening indicator and self-rated mental health. The results are
summarized in Table 2. VIFs for these four models are between 2.10
and 2.30. In line with the physical health findings, GC nor GS were
not significantly associated with mental health. However, both PGS
and PGSRatio showed statistically significant positive associations. A
1% increase in PGS was associated with a 0.021-point increase in the
mental health score, controlling for all covariates. A 1% increase in
PGSRatio corresponded to a 0.008-point increase in the mental
health score.

Using the same analytical approach as section 3.2, we constructed
Model III, which included GS and PGS, to compare their relative
importance, and Model IV, which incorporated PGSRatio, to
demonstrate how changes in it affected mental health. The evaluation
metrics for the models—MSE, RMSE, MAE, and R>—were 14.57, 3.82,
3.06, and 0.08, respectively. Although the R* value was relatively low,
it remained comparable to other studies examining the same
relationship (5, 6, 17). Among these studies, the R? values from the
questionnaire studies were slightly higher due to better alignment
between the dependent and independent variables.

The results (Figure 6) revealed that PGS ranked 10th and GS
ranked 15th in affecting mental health, indicating that PGS had a
greater impact than GS. Personal characteristics had the most
significant impact on mental health. Residents with higher incomes,
who were male, had a higher level of education, and were in a
relationship tended to exhibit better mental health conditions.
Socioeconomic factors at the county level, represented by GDP and
disposable income, were more critical to mental health than climate
and environmental factors. Overall, PGS had less impact than
these factors.

As shown in Figure 7A, an overall upward trend in mental health
scores is observed with PGS. However, when PGS was less than 12.4%,
this trend manifested as gradual and fluctuating. The SHAP values were
close to 0, suggesting that the contribution of PGS to mental health
prediction was minimal within this range. When PGS exceeded 12.4%,
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SHAP dependence plots for PGS and PGSRatio from Model | and Model Il, respectively. The marks of the x-axis are not provided due to confidentiality
requirements set by CFPS for the County-Level Restricted Data. Disclosure of this information may enable readers to identify specific counties or
districts, which are subject to strict restrictions imposed by CFPS. The approximate turning point values for PGS (18%) and PGSRatio (45%) were
provided by CFPS staff who can actually see the marks on x-axis.

(b) PGSRatio Model II

a substantial positive impact on mental health was evident. The analysis

of PGSRatio (see Figure 7B), revealed that when PGSRatio was less than

36.3%, its contribution to mental health was minor and negative, and this
negative contribution decreased as its value increased. When PGSRatio
exceeded 36.3%, it exerted a significant positive effect on mental health.
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3.4 Robustness tests

To confirm the robustness of the main findings, five supplementary

conducted. Detailed results are provided in

Supplementary materials. First, all continuous variables were
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SHAP dependence plots for PGS and PGSRatio from Model Il and Model IV, respectively. The marks of the x-axis are not provided due to
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winsorized at the 5th and 95th percentiles. The re-estimated logit and  introduced to account for the potential influence of solar exposure on
OLS models (Supplementary Table S6) produced results that were  health outcomes. The results (Supplementary Table S7) showed that
consistent with the baseline models (Supplementary Table S5),  the significance of PGS increased, reinforcing its contribution to both
indicating that extreme values did not influence the observed  physical and mental health. Third, to examine the sensitivity of results
associations. Second, a new control variable, SunshineHours, was  to model choice, we applied OLS regression to the physical health
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outcome using the original five-point scale (Health_physical5), and
logit regression to a binary mental health variable (Health_mental01,
coded as 1 for scores 21-32, and 0 for scores 8-20). While these model
forms are not ideal—given the ordinal structure of Health_physical5
and the left-skewed distribution of Health_mental01—the results
(Supplementary Table S8) continued to show that PGS and PGSRatio
remained more strongly associated with health outcomes than GC or
GS. Fourth, to further test robustness, we replaced the binary self-
rated health outcome with an objective measure, Health_hospitalized,
indicating whether the respondent had been hospitalized in the past
12 months. Logit model results (Supplementary Table S9) showed that
PGS and PGSRatio were significantly negatively associated with
hospitalization, providing additional support for their relevance to
physical health. No suitable alternative indicator for mental health was
available in the CFPS dataset. Finally, the full analysis was repeated
using the 2018 wave of CFPS. Results (Supplementary Table S10)
confirmed the original findings: PGS and PGSRatio had significant
positive effects on physical health, while GC and GS remained
non-significant. For mental health, however, all four greening
indicators were positively associated. Nonetheless, the XGBoost model
comparing GS and PGS (Supplementary Figure S1) continued to show
that PGS had greater predictive importance, aligning with the
primary analysis.

4 Discussion

4.1 Contribution of urban greening to
physical health

This study found that GC and GS were not significantly associated
with self-rated physical health, whereas PGS and PGSRatio had
consistently significant positive impacts. These findings indicate that
the presence of vegetation alone is insufficient; instead, accessible,
well-designed public green spaces are more critical to supporting
physical health outcomes in urban populations.

Potential reasons for the findings are discussed based on the
pathways presented in Figure 1. Regarding the first pathway, the
positive effect of GC or GS on physical health through improving
the ecological environment is uncertain across studies. For
example, Jaafari et al. (8) and Bi et al. (2) revealed that GC and GS
significantly promoted physical health by reducing air pollution,
whereas Fu et al. (14) found that the health benefits of GS were
negligible in regions with significant air pollution risks but
pronounced in areas free from such risks across China. Song et al.
(13) observed no significant modification effect of GC on heat-
related mortality risk in Hong Kong. These inconsistencies
underscore the complexity of the ecological regulation pathway,
which may be deeply influenced by climatic, geographic, or other
regional conditions.

In the second pathway, the physiological responses may contribute
to physical health. However, Zhang et al. (5) found that visual greening
had no significant effect on general health, which might be due to the
fact that the physiological responses caused by visual stimuli were
usually short-term (5, 20). Furthermore, Veitch et al. (56) emphasized
that it is the act of physical exercise, rather than the environment in
which it occurs, that drives acute physiological responses. This implies
that the provision of active public green spaces for physical activity
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plays a more critical role in generating health benefits than the mere
presence of vegetation.

The third pathway pertains to the promotion of healthy behavior,
which is best realized through easily accessible and well-designed
public green spaces. Two questionnaire-based studies confirmed that
public green spaces play an important role in promoting physical
activity and social interactions (29, 57), which directly promote
physical health. Ordinary vegetated areas or certain types of urban
green spaces, such as green buffers or attached green spaces, may not
provide sufficient public access or recreational opportunities to fulfil
such functions (53, 58). Although the literature on PGS and
population health is still limited, this study confirmed the relationship
and identified specific quantitative thresholds.

4.2 Contribution of urban greening to
mental health

The results showed that the effects of GC and GS on mental health
were non-significant when employing 2020 data, yet they exhibited
significance when utilizing 2018 data, suggesting a lack of stability. In
contrast, the effects of PGS and PGSRatio on mental health were
significant across both years and all robustness tests, with PGS
demonstrating a stronger influence compared to GS.

Previous studies have also documented inconsistency associations
between GC and GS and mental health. The prevailing assumption is
that abundant greening benefits mental health compared to less
abundant greening conditions. This has been supported by many
earlier studies (5, 19, 59). However, a systematic review conducted by
Gascon et al. (12) showed limited evidence of the long-term benefits
of surrounding greening on mental health. Ha et al. (7) discovered that
the quantity of GC had no significant impact on psychological distress;
whereas its spatial configuration did. Furthermore, Tomita et al. (15)
found that higher NDVI was predictive of better mental wellbeing
only among middle-income groups. Zhu et al. (6) reported that urban-
scale greening was associated with improved mental health, but only
in mid-sized and mid-density cities.

Urban greening affects mental health mainly through the second
and third pathways outlined in Figure 1. The second pathway pertains
to the visual stimuli from green environments, which generates
beneficial physiological and psychological responses. However, first,
the mental health benefits from urban greening might be temporary
or short-term (19, 20). Second, the benefits may be weak compared
with other factors that have a more direct and stronger influence on
mental health, such as struggles in career or family relationships,
loneliness and isolation, sleeping problems, etc. Third, simply having
green cover or green space does not ensure visual or psychological
appeal. For instance, commonplace street trees or routine landscaping
around buildings, though frequently encountered, may lack aesthetic
quality or mental restoration benefits needed to enhance well-being.
Therefore, results from studies examining the impact of GC or GS on
mental health are not consistent.

This study proceeded to explore the impact of the public portion
of green space on mental health. The significantly positive and
robust result verifies the importance of the third pathway, which
requires enough, easily accessible, and well-designed public open
space to stimulate social interactions and physical exercise, thereby
fostering mental well-being. Although there are few directly
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comparable studies, questionnaire studies using respondents’
personal experiences with green space (which means in public
green spaces) usually draw the same conclusion. For example,
Zhang et al. (5) and Zhu et al. (11) found qualitative attributes of
public green spaces, such as perceived usage, activity, environmental
quality, amenity, and safety, were positive for mental well-being.
Our study advances the literature by identifying a specific
quantitative threshold of PGS that facilitates population-level
mental health.

4.3 Consistencies in the effects of urban
greening on physical and mental health

Two key consistencies were identified regarding the health effects
of urban greening. First, PGS had more pronounced effects than GC
and GS on both physical and mental health. This implies that
promoting behavioral change is the core mechanism linking urban
greening to health outcomes. Encouraged behaviors, such as physical
activity and social interaction, yield both physical and psychological
benefits. This dual effect may be attributed to the close relationship
between physical and mental health, mediated through shared
physiological mechanisms including endorphin release, stress
reduction, and modulation of inflammatory responses (39, 40, 60).

Second, both PGS and PGSRatio, exhibited similar nonlinear
relationships with physical and mental health. When PGS levels were
below 10-12% and PGSRatio fell below 28-36%, their health benefits
were very minimal. A possible explanation is that limited PGS within
a county or district often results in spatial configurations that are
either small and dispersed, or large and concentrated. In the former,
design quality, accessibility, and amenities may be compromised,
discouraging use. In the latter, even well-designed green spaces may
be distant and thus less frequently visited. As PGS and PGSRatio
increase (to 18 and 45%, respectively), these spatial constraints
diminish, allowing benefits to accrue more consistently and equitably.

4.4 Endogeneity concerns and other
limitations

This cross-sectional study may be subject to endogeneity issues
(61), primarily through simultaneity and omitted variable bias.
Simultaneity, or reverse causality, may occur if health-conscious
individuals preferentially settle in greener districts. However, prior
research indicates that employment, housing, and education are more
influential in urban settlement decisions in China (62). The quantity
of public green space likely plays a lesser role, suggesting limited threat
from reverse causality.

In terms of omitted variable bias, the health of individuals and
communities is affected by a wide range of complex factors, including
the physical, economic, social, and behavioral determinants. While
we controlled for multiple individual- and county-level variables (e.g.,
income, education, pollution, and climate), unmeasured factors such
as genetic predisposition, occupational stress, or healthcare access
could influence outcomes. This complexity helps explain why the
models exhibit relatively low explanatory power. Nonetheless, unless
these omitted variables are also correlated with greening levels, they
are unlikely to severely bias our estimates.
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Other than the potential endogeneity issues, this study has
several other limitations. First, it matched the microdata on
respondents’ self-rated health with the meso-data on the greening
levels in the respondents’ counties or districts, and concluded that
PGS is crucial to well-being. However, the amount of time spent in
public green spaces and the way in which they interact with them
are different for each respondent. For instance, older adults and
children might spend more time in public green spaces compared
to middle-aged working adults. Therefore, our results may
be strengthened or weakened due to these confounders. Future
research could incorporate questionnaires to directly capture the
roles of green space in respondents’ lifestyle, including time spent
in green spaces, types of activities, etc., to make the findings
more accurate.

Second, this study identified only the quantitative importance and
effective thresholds for public green spaces. Future studies should
prioritize the quality of them by integrating spatial patterns
(compositional and configurational features), user experience
(accessibility, amenity, aesthetics, safety, etc.), and equity in providing
PGS across different demographic and socioeconomic groups.

Third, one key limitation of this study lies in the treatment of
PM, s, Exercise, and Overweight/Underweight as control variables.
These factors may act as mediators through which greenspace
indirectly affects health by encouraging physical activity, reducing
obesity, or improving air quality. Their inclusion may attenuate the
estimated total effects of greenspace. However, their strong and well-
documented direct impacts on health, as well as their potential links
to urban planning and greening, justify their inclusion to reduce
omitted variable bias and ensure that the estimated associations are
not confounded by these obvious determinants of health. Our main
objective was to compare the relative health benefits of fully public
greenspaces (PGS) versus general green areas (GS), rather than to
disentangle all causal pathways. This study was not able to examine
the specific mechanisms underlying the PGS-health relationship.
Future research could employ mediation analysis or structural
equation models to explore these mechanisms, with particular
attention to potential mediators such as physical activity, social
interaction, and environmental exposure variables. Such investigations
would also provide practical insights into how PGS design, spatial
patterns, and management can be optimized to better promote health
through these pathways.

4.5 Planning and design implications

The findings offer clear, actionable insights for urban planners and
policymakers. In the context of urban renewal in China, efforts to
enhance urban wellbeing should prioritize the expansion and
improvement of public green spaces. Notably, increasing vegetation
cover or overall green space area is less effective than increasing the
proportion of green space that is publicly accessible and
recreationally functional.

For counties and districts that have not reached the baseline
thresholds, we recommend ensuring that PGS comprises at least 12.4%
of the built-up area and that PGSRatio exceeds 36.3%. For those that
meet these baselines, advancing toward the identified ideal
thresholds—18% for PGS and 45% for PGSRatio—would provide
greater health benefits. Urban design interventions should focus on
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creating high-quality public green spaces with features that support
physical activity, social interaction, and psychological restoration.
These include diverse and inclusive amenities, safe and aesthetically
pleasing environments, and easy accessibility. Moreover, urban
planning departments should maintain a geospatial inventory of PGS
to guide equitable allocation, prioritize underserved areas, and support
ongoing monitoring and evaluation. Ultimately, public green space
should be recognized not just as a recreational asset, but as a vital
component of the urban health infrastructure.

5 Conclusion

This study provides robust empirical evidence that not all forms
of urban greening contribute equally to public health. By comparing
green cover (GC), general green space (GS), and public recreational
green space (PGS) using a large-scale dataset of Chinese urban
residents, we found that only PGS and its proportion relative to total
green space (PGSRatio) were consistently associated with improved
physical and mental health outcomes. These findings underscore that
vegetation alone is insufficient; instead, the accessibility and
functionality of green space play a critical role. Furthermore,
we identified distinct nonlinear relationships between greening
indicators and health. Health benefits of PGS and PGSRatio were
limited below certain thresholds but became markedly positive once
baseline and ideal levels—approximately 12.4-18% for PGS and
36.3-45% for PGSRatio—were surpassed. These patterns were
consistent across both physical and mental health dimensions,
highlighting the potential for concurrent gains through targeted
urban greening interventions. Overall, the results support a
behavioral pathway as the dominant mechanism through which
urban green spaces improve well-being. They provide actionable
insights for urban planners and public health officials aiming to
design healthier, more equitable cities by emphasizing the provision
of high-quality, accessible public green space.
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